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Introduction

It is now well understood in the economics literature that early-life conditions play a

critical role in shaping the trajectory and the circumstances of an individual’s life, with shocks

in early childhood – or even before birth – having important and sustained effects on future

outcomes (Currie & Almond, 2011). In particular, the “fetal origin hypothesis” (Barker et

al., 1989) theorizes that exposure to adverse in utero conditions results in development

adjustments which may trigger, through biological mechanisms, increased predisposition to

chronic diseases later in life, which in turn affects human capital development and several

labour outcomes in adulthood (Almond & Currie, 2011).

Exposure to adverse environments in early life can also lead, through a snowball effect,

to growing inequalities by setting individuals on unfavourable life trajectories (Lindeboom

& van Ewijk, 2013); this is particularly true for the most socio-economically disadvantaged

populations, who are unable to sufficiently compensate through parental inputs (Conti et al.,

2019). Therefore, existing disparities between groups of low and high socio-economic status

are bound to increase over the life cycle (Case et al., 2002; Black & Devereux, 2011).

Another reason why it is fundamental to draw attention to early-life conditions is the fact

that the scope for action is larger at the start of one’s life (O. Doyle et al., 2009), with several

antenatal and early childhood interventions and investments emerging as viable paths to offset

the detrimental effects of low socio-economic status (Berlinski & Vera-Hernández, 2019).

A country where inequalities have deepened in the past few years is the United Kingdom

– the focus of this dissertation – where in particular the health and well-being of children is

declining, especially in the poorer areas of the country (Minnis & Pollard, 2023). This deterio-

ration of children’s well-being in the United Kingdom encompasses several different aspects.
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In terms of health, there has been a rise in infant mortality that widened inequalities, child-

hood vaccination targets are not being met, and 20% of school-aged children are overweight

or obese. In addition, demand for children’s mental health services is rising (aggravated by

the COVID-19 pandemic), while children in poor socio-economic conditions are six times

more at risk of experiencing behavioural problems compared to their peers (Minnis & Pollard,

2023). One of the factors singled out as contributing to the current scenario is the shortfall in

government spending that reduced the English National Health System (NHS) to “critical con-

ditions”, with maternal and newborn care one of the areas most under scrutiny (Darzi, 2024).

In particular, the Darzi investigation highlights large inequalities in maternity care (maternal

mortality being three times more likely for Black women compared to White women; neonatal

mortality doubling from the least deprived to the most deprived quintile of the population)

and a rise of caesarean sections at an annual rate of 4.6% since 2005.

Pertaining to the role played by healthcare facilities in determining maternal health, in

the first chapter of this dissertation I investigate the relationship between hospital quality

and caesarean section rates, to expand on the literature that links institutional quality to the

appropriateness of maternal care provision; in particular, I move the focus from the quality

of institutions in general terms to the quality of hospitals, which play a fundamental role

in any healthcare system. In my analysis I use monthly aggregate data for NHS Hospital

Trusts in England and a recently released hospital catchment area dataset to study whether

higher quality hospitals are able to deliver more appropriate care, looking at caesarean section

rates – a common indicator of opportunistic behaviour from healthcare providers in the

literature. Hospital quality is measured with hospital-acquired infections rates and emergency

readmission rates. The link between hospital quality and elective versus emergency caesarean

section rates is investigated through the use of panel regression models. My estimates suggest

that higher quality hospitals have lower elective caesarean section rates, while no difference is

observed for emergency caesarean sections. In addition, a heterogeneity analysis is performed

with respect to maternity ward size and the level of deprivation in the area served by the
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hospital; results indicate hospital quality plays a role in more deprived areas, while no evidence

of heterogeneity is detected in terms of maternity ward size.

The growing interest of economists towards caesarean sections is warranted not just

because of growing rates worldwide, but also because – being the moment of birth a point

of disruption in the lives of both mothers and children – they have been discovered to have

an impact on e.g. maternal health (V. M. Jensen & Wust, 2015; Tonei, 2019), maternal labour

supply and fertility decisions (Halla et al., 2020), and on the short-run health of children

(V. M. Jensen & Wust, 2015; Costa-Ramón et al., 2018, 2022; Muhlrad, 2022; Card et al.,

2023).

Yet, it is still not entirely clear what long-term consequences caesarean sections have on

children – especially in terms of non-health outcomes. To shed more light on this, in the

second chapter of this dissertation I investigate the effect of an emergency (i.e. not planned)

caesarean delivery on the child’s health, cognitive and non-cognitive outcomes nine months

after birth and up to eleven years of age. Although some evidence on the longer-run effects of

a caesarean section delivery on children’s health (V. M. Jensen & Wust, 2015; Muhlrad, 2022;

Costa-Ramón et al., 2022) and cognitive outcomes (Rogvi et al., 2024) already exists, to the

best of my knowledge this is the first exploration of a potential impact of caesarean sections on

non-cognitive outcomes. To investigate this matter I exploit data on 5,004 first-time mothers

and their children from the Millennium Cohort Study, a longitudinal survey of the 2000/2001

birth cohort in the United Kingdom. To address endogeneity I employ an instrumental variable

approach – first used by Tonei (2019) – that exploits the exogenous variation in the position of

the baby in utero at the time of birth (“feet-first” versus “head-first”); hospital and month of

birth fixed effects are used to account respectively for hospital-level time-invariant unobserved

heterogeneity and seasonal trends. I find no evidence of a negative impact of caesarean sections

on child health, while a negative impact is observed on cognitive and non-cognitive outcomes.

In addition, I offer some suggestive evidence on the potential mechanisms through which

mode of delivery has an impact on children’s outcomes by analysing survey data on maternal
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investments and breastfeeding.

Given the importance of early-life conditions in shaping a child’s life trajectory, there is a

strong association between the well-being of the child and that of the parents: for instance,

links have been documented between maternal mental health and child education and future

labour outcomes (Johnston et al., 2013); maternal health and child non-cognitive develop-

ment (Muhlenweg et al., 2015); parental unemployment and child well-being (Powdthavee &

Vernoit, 2013).

One aspect that has received some attention lately is commuting to work, which takes up

a relatively large amount of working adults’ time (Giménez-Nadal et al., 2022) and is known to

have a detrimental impact on the well-being of workers – women in particular (Kunn-Nelen,

2015; Roberts et al., 2011). Yet, very little is known about the impact longer commuting times

can have on workers’ children, and on the potential underlying mechanisms. In the third

chapter of this dissertation I offer a preliminary investigation of these matters by exploiting

potentially exogenous shocks to commuting time – defined as changes in commuting time

that arise when holding an individual’s household location, job for a given employer, and main

mode of transportation constant (Gutiérrez-i-Puigarnau & van Ommeren, 2014) – and rich

survey data from Understanding Society (UKHLS), a longitudinal study on a representative

sample of households in the United Kingdom, to study the effect of increases in commuting

time on the non-cognitive development of children, in terms of internalising versus externalis-

ing behaviour. To mitigate potential confounding, matching methods are employed to balance

the covariate distributions across treated and control groups. I find that maternal commuting

has no impact on the non-cognitive development of children at the age of 3 and 5, and a poten-

tial negative impact on internalising behaviour at age 8; paternal commuting has no significant

impact on children at any age point. In addition, I exploit survey information on parental health

and inputs to investigate the potential mechanisms at play. Results are in line with the notion

that – at least when children are very young – mothers tend to sacrifice their own leisure

time in order not to jeopardize their home production and childcare responsibilities (Bastian
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& Lochner, 2022).

Overall, the three chapters contribute to the existing evidence on the importance of early-

life conditions and events, and explore the channels through which they affect children in the

longer run. These results can be informative with respect to the areas of interventions that

are more likely to be effective to promote the well-being of children and their families, and

to reduce the socio-economic disparities that are afflicting a developed country such as the

United Kingdom.
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Chapter 1

Do higher quality hospitals deliver more
appropriate care? Evidence from caesarean

sections in England

Angelica Guzzon

Abstract

I study whether hospitals that exhibit higher quality deliver more appropriate care by focusing
on caesarean section rates, which are a commonly used indicator to track opportunistic
behaviour from healthcare providers. I use monthly aggregate data for NHS Hospital Trusts
in England and focus on two measures of hospital quality, namely emergency readmission
rates and hospital-acquired infection rates. To investigate the link between hospital quality
and caesarean section rates I exploit panel regression models, and I explore whether there is
a differential impact between elective and emergency caesarean sections. I find that higher
quality hospitals have lower elective caesarean section rates, and that hospital quality plays a
role especially in more deprived areas.

JEL codes: I11, I18
Keywords: hospital quality, caesarean sections, National Health Service, England



1.1 Introduction

Caesarean sections (hereinafter referred to as C-sections) are one of the most commonly

performed medical procedures worldwide, and as of 2021 they account for more than one

in five births (21%), with almost a third of all births likely to take place by C-section by 2030

as predicted by the World Health Organisation (2021). While C-sections are an essential and

potentially lifesaving form of surgery, they are also riskier, more invasive and costlier than

vaginal births (Villar et al., 2006; Sandall et al., 2018); among other things, C-sections have

been linked to maternal complications and morbidity (Gregory et al., 2012), lower subsequent

fertility (Hemminki, 1996), lower cognitive development (Polidano et al., 2017), and poorer

childhood health (Sandall et al., 2018) – in particular with respect to respiratory conditions

(Card et al., 2023). Vaginal births are therefore the recommended mode of delivery in absence

of clinical complications (NICE, 2021). For these reasons C-section rates are a commonly used

indicator to gauge the appropriateness of hospital care provision, in the literature (Baicker et

al., 2006) and by policy-makers alike (OECD, 2023).

Despite guidelines from national and international healthcare agencies (WHO, 2015) call-

ing for a reduction in the number of medically unnecessary – and therefore inappropriate

– C-sections performed, C-sections are on the rise (WHO, 2021). For example, in England

they increased from 25% to 30% during the past decade (NHS England, 2020). This growth

goes beyond what can be imputed to an increase in risk factors such as maternal obesity or

advanced maternal age (Bailit et al., 2004; O’Leary et al., 2007). There is a growing interest

in determining what lies behind rising C-section rates. Other than an increase in C-sections

performed at maternal request (which are an emerging but still contained phenomenon in the

United Kingdom (NICE, 2021)), one of the non-clinical explanations that have been proposed

is changes in medical practice (Habiba et al., 2006). In fact, choice of mode of delivery is a

dimension of medicine that is particularly exposed to the discretion of physicians (Gruber &

Owings, 1996; Hopkins, 2000), and there is growing evidence that C-section rates are in part
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explained by supplier-induced demand – see e.g. Brown (1996); Gruber and Owings (1996);

Johnson and Rehavi (2016); Di Giacomo et al. (2017).

Given the relevance of supply-side healthcare factors as non-clinical determinants of C-

section rates, there is scope to believe hospital quality might play a role in determining the

level of appropriateness of the care provided by hospitals. The WHO describes quality of care

as “the degree to which health services for individuals and populations increase the likelihood

of desired health outcomes”, and urges all healthcare systems to strive for health services that

are safe, effective and people-centered in order to achieve universal health coverage (WHO,

n.d.). Hospitals are critical stakeholders in this regard, as they act as anchor institutions that

play a core role in shaping the health of the communities they serve and in mitigating socio-

economic disparities (Dave et al., 2021). On the other hand, in Europe one patient out of

ten experiences avoidable harm or adverse events while being admitted at a hospital (WHO,

2016), hence the increase in attention towards common targets of hospital quality – see e.g.

the Healthcare Quality and Outcomes Indicators as tracked by the OECD.

In England, in the past few years concerns have been raised with respect to the quality of

care delivered by the National Health Service (NHS). Between the rising burden of chronic

conditions (due to demographic and epidemiological shifts) and the considerable financial

pressures that followed the 2008 financial crisis and that prevented a real terms growth in

healthcare funding, there is emergent evidence that the NHS might not be adequately re-

sourced to deal with shifting care needs (OECD, 2016). For example, a 2019 report notes

that in the United Kingdom preventable mortality rates are higher than in other high-income

European countries, and cites socio-economic inequalities, growing waiting times and work-

force shortages as challenges that threaten the sustainability of the healthcare system (OECD,

2019). Another report notes that since the COVID-19 pandemic fewer patients have been

admitted to NHS hospitals while length of stay has risen, and evidence shows this has been

driven by hospitals having to increase admission thresholds; the most significant reductions

were seen for hospitals in the most deprived areas, raising concerns with respect to quality
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of care and inequalities in healthcare access in England (Cavallaro et al., 2023). A recent in-

dependent investigation carried out to analyse the performance of the NHS found it to be in

“critical conditions” after the COVID-19 pandemic and a spending shortfall over the past 15

years, and highlighted maternity care as an area of particular concern, with racial disparities

in maternal and neonatal mortality the most pressing matter to address (Darzi, 2024).

Hospital quality could have an impact on the appropriateness of medical care – insofar

as we measure it by C-section rates – through several channels. Higher hospital quality may

lead to lower C-section rates if better organisational practices, decision-making processes,

use of resources and higher quality healthcare professionals result in less unnecessary C-

sections being performed. There is in fact evidence that physician treatment styles (Epstein &

Nicholson, 2009) and physician experience (Burns et al., 1995) matter in determining lower

C-section rates; moreover, hospital capacity constraints are known to drive down C-section

rates (Arrieta & Garcı́a Prado, 2016). Another possibility is that higher hospital quality could

lead to higher C-section rates if quality attracts patients specifically looking for a C-section over

a vaginal birth (patient sorting): this type of patients might be more sensitive to hospital quality

compared to their peers, and could end up self-sorting into higher quality hospitals – driving

up the C-section rate. Previous work found evidence of patient sorting in connection with

the choice between public and private hospitals (Beckert & Kelly, 2021; Fabbri & Monfardini,

2008).

To the best of my knowledge, this study is the first to explore the relationship between

hospital quality and C-section rates. The closest study is De Luca et al. (2021), which inves-

tigates the impact of institutional quality on C-section rates using Italian data and focuses in

particular on some measures of quality of the institutional environment such as government

effectiveness, rule of law, and corruption. They find that in regions where institutional quality

is higher less C-sections are performed. I add to their analysis by shifting the focus from the

quality of the institutional system at large to the quality of one of the most vital elements in any

healthcare system – hospitals. Even though institutional quality is closely related to hospital
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quality and the former can affect the latter through several channels, such as facilitated patient

choice through public reports of quality, adoption of new technologies and prompt auditing

processes (see De Luca et al. (2023) for a modelization of hospital quality and institutional

quality), the two are separate concepts, and focusing on hospital quality makes it possible

to zoom in on aspects such as provider efficiency, labour productivity and treatment choice.

It is in fact possible that institutional quality and hospital quality are not necessarily aligned,

as good quality providers can exist in countries or regions with low institutional quality, and

viceversa.

The main objective of this study is to investigate whether hospitals with higher quality

deliver more appropriate care, and whether hospital characteristics play any role. I rely on a

monthly1 panel of NHS hospitals in England and use measures of hospital quality (emergency

readmission rates and hospital-acquired infections rates) to explore how they affect elective

versus emergency C-section rates; to do so I exploit panel regression models. In addition, I

perform heterogeneity analysis with respect to deprivation levels and maternity ward size.

With respect to previous works studying hospital quality, a further advancement is method-

ological and concerns the approach used to include socio-economic variables when working

on hospital-level data. The most commonly followed approaches are to attribute to the hos-

pital the income, employment or education level of the geographic unit in which it is located

(see e.g. Dranove et al. (2014)), or to use the non-weighted average values for the geographic

units whose centroid is within a certain radius from the hospital (see e.g. Cooper et al. (2011);

Gaynor et al. (2013); Gaughan et al. (2020); Bosque-Mercader and Siciliani (2023)). To better

reflect the geographic composition of the patient population of a given hospital and therefore

capture the heterogeneity in socio-economic conditions across different areas, I exploit a re-

cently released hospital catchment area dataset and propose the use of weights based on the

actual catchment population to which a given hospital is catering its services.

My estimates suggest that higher quality hospitals have lower elective C-section rates,

1Most of the literature that relies on aggregate hospital-level data tends to use publicly-reported annual
indicators – see e.g. Gaughan et al. (2020); Bosque-Mercader and Siciliani (2023).
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while no statistically significant difference is observed for emergency C-sections. In addition,

hospital quality plays a role in more deprived areas, whereas no evidence of heterogeneity is

detected with respect to maternity ward size. In terms of policy, resources should be allocated

to high-performing hospitals serving the most deprived areas, while more attention should be

devoted to the drivers of productivity in lower quality hospitals.

The rest of the paper is organised as follows. Section 1.2 reviews the literature while

Section 1.3 provides details on the institutional framework. Section 1.4 presents the data,

while in Section 1.5 I describe the empirical strategy. Section 1.6 provides details on the

sample being analysed, while Section 1.7 describes the main results, the robustness and

heterogeneity analysis. In Section 1.8 I discuss the results, list the main limitations of the

study, and conclude.

1.2 Literature review

My study contributes to two strands of the health economics literature. The first is the one de-

voted to non-clinical determinants of C-section rates. We can distinguish between supply-side

determinants, i.e. factors related to the provision of healthcare, and demand-side determi-

nants, i.e. patient-level factors.

Among supply-side determinants of C-section rates we find several characteristics of the

healthcare system at large. One important aspect is tariffs. Di Giacomo et al. (2017) exploit an

exogenous change in Diagnosis-Related Group (DRG) tariffs in Italy and find no impact on C-

section rates, but an increase in upcoding (i.e. a higher probability of treating patients coded as

complicated). Berta et al. (2020) find instead that a DRG-tariff regulation in Lombardy (Italy) led

to a decrease in C-section rates in private for-profit hospitals compared to public and private

non-profit hospitals. Barili et al. (2021a) likewise find a (temporary) decrease in C-section rates

after a DRG-fee equalisation between vaginal deliveries and C-sections. Similarly, Pilvar and

Yousefi (2021) investigate a policy in Iran that introduced financial incentives for doctors to

perform vaginal deliveries rather than C-sections, and they find a decrease in C-section rates
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at the national level.

Another supply-side aspect that has been investigated is the rationalisation of healthcare

expenditure. For example, health-sector budget cuts have been linked to an increase in C-

section rates, as evidenced by a study that focused on budget measures introduced in Spain in

2012 (Bertoli et al., 2020). Hospital closures are another measure employed by policy-makers

to keep healthcare expenditures at bay. Two studies (Fischer et al., 2022; Battaglia, 2023)

focusing on hospital closures in the United States found that closures are linked to a decrease

in C-section rates.

With respect to hospital congestion and related dimensions, Bachner et al. (2024) look at

whether the number of beds available in a maternity ward affects the likelihood of delivery by

C-section, and find that doctors are more likely to perform a C-section when the amount of

empty beds in the ward is larger. Maibom et al. (2021) and Bensnes (2021) instead find no

evidence of an impact of hospital crowding on the likelihood of receiving a C-section.

Among supply-side factors we also find workforce-related dimensions, affecting physicians

and other healthcare professionals. Facchini (2022) finds evidence that the probability of

receiving a C-section increases at a decreasing rate with hospital workload, while excluding

the possibility this is due to differential sorting across staffing levels. Stöcker et al. (2025) find

a positive correlation between the number of physicians per delivery in obstetric wards and

the risk-adjusted C-section rate, citing specialisation as a potential mechanism. Malpractice

litigation laws might also have an impact on physicians’ choices in the clinical setting, by

making them more risk averse: studies using Italian (Amaral-Garcia et al., 2015) and American

(Frakes, 2013; Currie & MacLeod, 2008) data found a decrease in C-section rates after an

increase in malpractice pressure and the adoption of tort reforms respectively. C-section rates

are also affected by physicians responding to new medical evidence, as noted by V. M. Jensen

and Wust (2015) and DeCicca et al. (2024), who exploit respectively the publication and later

re-evaluation of the results from the Term Breech Trial (Hannah et al., 2000; Kotaska, 2004).

Physicians’ expertise instead affects the appropriateness of care provision directly, by reducing
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C-section rates at the bottom of the risk distribution and increasing them for high-risk mothers

(Currie & MacLeod, 2017).

Investigations on the demand-side determinants of C-sections are instead less frequent,

possibly owing to a lack of exogenous variation in demand-side factors. Other than maternal

risk factors such as age, body mass index and health behaviors – which have been the main

focus for the medical literature, see Lauer et al. (2010) for an overview – some other demand-

side aspects have been investigated.

With respect to financial aspects faced by mothers, in contexts that heavily rely on private

insurance – as is the case for the United States – higher C-section rates are reported for

women with private, fee-for-service insurance compared to women who are uninsured, who

are covered by Medicaid or who are covered by staff-model health maintenance organizations

(Keeler & Brodie, 1993). A policy change in Chile that targeted women with public health

insurance and expanded their choice of providers by decreasing the cost (in terms of hospital

fees and co-payments faced by the patient) of delivering at private hospitals increased both the

probability of giving birth in private hospitals but also the probability of receiving a C-section

(de Elejalde & Giolito, 2019).

With respect to socio-economic conditions, Milcent and Zbiri (2018) use French data

and find that low socio-economic status negatively affects participation in prenatal education,

which in turn is linked to lower C-secion rates. Corredor-Waldron et al. (2024) report racial

disparities in mode of delivery, with black mothers in the United States being more likely to

delivery through C-section – although they note this is imputable to provider discretion rather

than unobserved differences in risk profiles. Robinson et al. (2024) also look at the United

States and they note instead a potential overuse of C-sections for low-risk Black mothers and

a potential underuse for high-risk Black mothers.

Di Giacomo et al. (2024) use administrative data from Italy to study inequalities in maternal

care access between natives and immigrants; they find no differences in C-sections and

inappropriate C-sections between natives and non-natives, but significant differences are
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reported between different groups of immigrants. In particular, the likelihood of receiving a

C-section is higher for women with a larger linguistic and socio-cultural distance compared

to the host country (potentially inversely related to the ability to process information and

communicate with healthcare providers), and they highlight a “segregation effect” which is

stronger in urban locations with larger immigrant communities.

Barili et al. (2021b) look instead at maternal social networks in Italy – defined as pregnant

women living in the same municipality – and they find C-section rates are higher among

women whose network had a higher incidence of C-sections in the preceding 12 months.

Amaral-Garcia et al. (2022) find instead that access to broadband Internet increased C-section

rates in England in the period 2001-2011.

The other strand of the literature I contribute to is the one devoted to hospital quality.

The bulk of this literature is focused on the impact of competition on hospital quality; a

comprehensive list of articles is outside the scope of this paper, but see e.g. Propper et

al. (2004, 2008); Gaynor et al. (2012); Longo et al. (2017); Moscelli et al. (2021). Overall,

evidence on the way competition affects hospital quality is mixed and somewhat context-

dependant: some studies find that higher competition reduces hospital quality, while others

find the opposite.

Hospital quality has also been analysed in conjunction with hospital ownership: a sys-

tematic review by Eggleston et al. (2008) found conflicting evidence regarding the impact

of private ownership on hospital quality, while more recent studies (Moscelli et al., 2018;

Wubker & Wuckel, 2019) find no evidence of statistically significant differences in quality

between private and public hospitals. Brekke et al. (2013) provide instead an overview of the

impact of hospital quality on patient choice; generally speaking, studies of this type find a

positive association between quality measures and hospital demand.

Other dimensions have been studied with respect to hospital quality. Gaughan et al. (2020)

study the association between hospital size and quality, and find small hospitals are generally

not associated with lower quality either before or after controlling for hospital characteristics.
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Bosque-Mercader and Siciliani (2023) study instead the association between bed occupancy

rates and hospital quality, and find bed occupancy rates are positively associated with hospital

quality (as measured by overall and surgical mortality rates). Most recently, Kunz and Propper

(2023) analyse hospital quality in relation to COVID-19 pandemic deaths, and find quality to

be associated with lower mortality rates.

This paper contributes to both strands of the literature with a preliminary exploration of

the link between hospital quality and the appropriateness of maternal care provision, which

has so far – to the best of my knowledge – not yet been explored. Hospital quality is multi-

dimensional (Donabedian, 1966), and so is the way through which it can impact the provision

of appropriate medical care. One of these dimensions is related to the objective ability of

hospitals to increase the likelihood of desired health outcomes for their patients, usually

measured by mortality rates (at the hospital level or for specific conditions), readmission rates,

or complication rates (Brekke et al., 2013). These health outcomes are the product of several

factors, including (but not limited to) clinical skills, diagnostic abilities, staff coordination,

use of resources, administrative structures, position in the institutional context (Gutacker et

al., 2016; Donabedian, 1966). Improvements (deteriorations) in any of these dimensions can

potentially lead to more (less) appropriate care by lowering (increasing) the rate of unnecessary

interventions, as is the case of a certain amount of elective C-sections. For example, doctors

with more experience may perform less C-sections compared to their peers because they

have the skills necessary to assist non-straightforward vaginal births, while a less experienced

doctor would directly opt for surgery (Currie & MacLeod, 2017). As another example, a well-

administered hospital with good staff coordination might be less likely to find itself facing large

workloads, which are correlated with a higher probability of receiving a C-section (Facchini,

2022).

Having a better picture of the way hospital quality relates to the appropriateness of maternal

care provision would help the policy-maker in choosing policies that can address current

concerns with the provision of maternity care in England. If hospitals matter in the way their
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organisational practices, decision-making processes, and skilled professionals result in more

appropriate maternal care, then it would make sense to divert resources to hospitals which

are trailing behind in terms of quality, and assist hospital administrations in the process of

reconfiguring staffing and case management processes.

1.3 Institutional framework

The English NHS is the publicly funded, single-payer healthcare system that provides health

services in England. It is funded through general taxation and National Insurance Contributions

(NICs) (The King’s Fund, n.d.-a), and it is overseen by the Department of Health and Social

Care. For the 2019-2020 fiscal year, the allocated budget was £ 124 billion, primarily destined

to local health services (Stevens, 2021). Primary care is provided by General Practitioners

(GPs), who work locally at scale with community and social services. Secondary care is instead

provided by hospitals and specialists, usually upon referral by a GP. Patients can be treated

in public or private hospitals. Public hospitals – also known as NHS Hospital Trusts – cover

both elective and emergency care. In 2022 there were 205 NHS Hospital Trusts operating in

England (The King’s Fund, n.d.-b); out of these, 139 are acute Hospital Trusts with maternity

services (D. Campbell, 2022). Some of them have Foundation status: Foundation Trusts are

characterised by a larger degree of financial autonomy. A Hospital Trust can have one or more

sites.

Maternity care in England is free to all who ordinarily reside in the UK, regardless of

their citizenship or immigration status (Feldman, 2021). NHS guidelines recommend that

antenatal care be started as soon as possible, ideally within the first eight weeks of pregnancy.

The first contact is usually with the personal GP or a local midwife service or children’s

centre; among other things, their role is to schedule the subsequent NHS-covered antenatal

appointments. If no underlying medical condition is present, a first-time mother can expect

up to ten antenatal appointments (including at least two ultrasound scans), while the average

number of appointments for those who have given birth before is lower. A patient is free to
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choose whether to give birth in a hospital, in a midwife-led unit2, or at home. The obstetrician

or midwife will discuss with the patient the options available, and offer advice on the best

course of action: if the patient is healthy and there are no complications any option is available,

whereas if the pregnancy is high-risk the recommendation is to give birth in an obstetric unit

(NHS, n.d.-c). The vast majority of births – 97% of registered births in England – occurs within

the NHS framework; the remaining fraction comprises births occurring in private hospitals, at

home, or anywhere else (Reader, 2023). In 2013 only 0.4% of births were in private hospitals

(National Audit Office, 2013). While births occurring in an obstetric ward are still the majority,

births in midwife-led units are on the rise after national guidance has pushed them as a

suitable and safe option for women at low risk of complications: in 2016 around 14% of all

births in England took place in midwife-led units (Walsh et al., 2018). Home births are a niche

phenomenon, but less so compared to other European countries: in 2020 2.4% of births in

England took place at home (Bradford, 2022).

According to National Institute for Health and Care Excellence (NICE)3 guidelines (2021),

during antenatal care the obstetrician or midwife should also discuss mode of delivery with

the patient. The main modes of delivery are vaginal birth4 and C-section. The healthcare

professional should explain to the patient what either procedure involves, what the benefits

and risks of either are, and what the main risk factors and the common indications for a

C-section over a vaginal birth are. If a patient with no medical indication for a C-section birth

requests one, the obstetrician or midwife should explore with the patient the reasons for the

request, and make sure the woman has accurate information. A planned C-section birth upon

maternal request can be offered, but ultimately the final decision is made by the obstetrician;

2Midwife-led units are birthing units run by midwives and dedicated to women with low-risk pregnancies
who seek a more "comfortable" alternative to a clinical hospital setting. Alongside midwifery units (AMUs) are
located next to an obstetric unit on the same hospital site, and have therefore ready access to obstetric, neonatal
and anaesthetic care; freestanding midwifery units (FMUs) are instead located away from the local hospital (NHS,
2015).

3The Institute provides evidence-based guidance on appropriate diagnosis and care pathways for people with
specific diseases and conditions in the NHS of England and Wales.

4Which can either be spontaneous (i.e. unassisted) or instrumental if tools (forceps or ventouse) are used to
assist the birth.
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in other words, maternal-request C-sections are still the outcome of a medical decision.

1.4 Data

I use publicly available Trust-level data from NHS Digital and Local Authority-level data from

the Office for National Statistics (ONS) to construct a panel of NHS acute Hospital Trusts.

1.4.1 Dependent variables

My key dependent variables are C-section rates. Trust-level information on C-section rates is

sourced from Maternity Services Monthly Statistics (MSMS) (NHS Digital, n.d.-d), a monthly

report that aggregates by provider the patient-level data on maternity care pathways as tracked

in the Maternity Services Data Set (MSDS)5. MSMS data on deliveries are available from July

2016 onwards; the panel ends in March 2019, right before a major change in the patient-level

data set that marked a temporary but significant drop in data quality and coverage. Using

MSMS information on mode of delivery, the following monthly measures are derived:

• elective C-section rate – the ratio between the number of elective C-sections6 and total

deliveries occurring in a given Trust and in a given month;

• emergency C-section rate – the ratio between the number of emergency C-sections7

and total deliveries occurring in a given Trust and in a given month.

Due to limitations in the aggregate dataset, I am unable to disentangle the C-section rate for

first-time mothers – i.e. the most common measure of appropriateness of care for maternity

patients (see e.g. De Luca et al. (2021)) – from the C-section rate for all women giving birth.

5A note on data anonymization: in order to prevent disclosure of sensitive information, all figures in MSMS
are rounded to the nearest 5, and figures between 1 and 7 are rounded to 5.

6Elective C-sections are planned C-sections, i.e. C-sections that are recommended upfront by healthcare
professionals for clinical reasons (breech position of the fetus or any other maternal or fetal condition that makes
a vaginal birth risky), or explicitly chosen by the patient.

7Emergency C-sections are those performed when complications arise during labour and a vaginal birth is
no longer viable.
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This said, vaginal births after C-section (VBACs) are increasingly common in England and have

a 75% success rate (RCOG, 2015), therefore C-section rates remain a good proxy for the

appropriateness of medical care provision even in the absence of information broken down

by parity.

1.4.2 Independent variables

My key explanatory variable is hospital quality. The most extensively used measure of hospital

quality in the economic literature is the condition-specific mortality rate for Acute Myocardial

Infarction (AMI); see e.g. Propper et al. (2008); Cooper et al. (2011); Gaynor et al. (2013).

AMI mortality is commonly used as a measure of hospital quality because – when compared

to other measures – the potential selection bias is attenuated, given that AMI is an acute

condition and AMI patients require urgent treatment and therefore they do not choose which

hospital they get treatment from (McClellan & Staiger, 2000; Shen, 2002; P. H. Jensen et

al., 2009). Unfortunately, Trust-level mortality rates from linked HES-ONS datasets are no

longer publicly available (NHS Digital, n.d.-c), therefore I employ alternative high-frequency

hospital quality indicators. Specifically, I rely on risk-adjusted emergency readmission rates

and hospital-acquired infection rates.

The risk-adjusted emergency readmission rate measures the percentage of emergency

admissions to any hospital in England occurring within 30 days of the last previous discharge

from hospital after admission; it is indirectly standardised by age, sex, method of admission

and diagnosis/procedure (NHS Digital, n.d.-b). I consider annual Trust-level rates for patients

of both genders and aged 16-74; like most other annual NHS statistics, data are made available

for fiscal years (from April to March of the following calendar year). Readmission rates are

linked to hospital quality (J. Doyle et al., 2019) and they are a well-accepted quality metric

in this strand of literature – see e.g. Bosque-Mercader and Siciliani (2023); J. Doyle et al.

(2019); Varkevisser et al. (2012); Moscone et al. (2012); Gutacker et al. (2016). They capture

a different dimension of hospital quality compared to mortality rates (Gorodeski et al., 2010)
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by measuring the ability of the system to keep patients out of the hospital during recovery time;

moreover, they are one of the indicators included in the NHS Outcomes Framework (NHS

Digital, n.d.-f). Between 2006 and 2016 readmission rates in England were stable, although

large variations in trends across clinical areas were noted (Friebel et al., 2018).

Hospital-acquired C. difficile infection (CDI) rates capture the number of Clostridium dif-

ficile infections8 per 100,000 occupied bed-days. These were computed on a monthly basis

using the monthly count of hospital-onset infections (GOV.UK, n.d.), and the average daily

number of occupied overnight beds by Hospital Trust (updated quarterly) (NHS Digital, n.d.-a)

to compute the number of occupied bed-days. Hospital-acquired (or nosocomial) infections

are a critical element of hospital quality improvement programs as they affect the quality of

care and are a principal source of adverse health outcomes for hospitalised patients (Gaynes &

Solomon, 1996). Hospital-acquired infections are associated with other quality-related dimen-

sions such as higher mortality rates (Zerey et al., 2007; Ericson et al., 2015), increased length

of stay (Wiegand et al., 2012; Noskin et al., 2005), and inadequate cleanliness of the hospital

environment (Dancer, 2009). Hospital-acquired infection rates have also been employed as

a quality measure in the economic literature; see e.g. Gaughan et al. (2020); Ericson et al.

(2015); Zerey et al. (2007).

1.4.3 Other regressors

Amongst Trust characteristics, I include the total number of deliveries in a given month (as

reported in the MSMS dataset) to capture the size of the maternity ward; the monthly count

of elective and non-elective General and Acute admissions (as sourced from Monthly Hospital

Episode Statistics for Admitted Patient Care, Outpatient and Accident and Emergency data

(NHS Digital, n.d.-h)) to capture the size and volume of the Trust; the NHS classification of a

Trust9; and dummies that signal whether a Trust is a Foundation Trust or not, and whether a

8Clostridium difficile infections are increasingly common and cause gastrointestinal symptoms that can be
severe for at-risk populations such as infants, pregnant women and geriatric patients (Lessa et al., 2012; Cózar-
Llistó et al., 2016).

9An acute NHS Trust can either be "small", "medium", "large", "teaching" or "multi-service".

27



Trust is located in London or not. In addition, I consider Lower Tier Local Authority (LTLA) level

annual age-standardised mortality rates from ONS10 for ischaemic heart diseases (including

AMI; ICD-10 codes I20-I25), as a reflection of the type of patients to which a given Trust is

providing its services. These regressors are meant to capture supply-side dimensions other

than hospital quality.

Additional Trust-level information on workforce are derived from monthly NHS Workforce

Statistics (NHS Digital, n.d.-g), and include: the number of doctors – measured in Full-Time

Equivalent (FTE) units rather than headcount – per patient; the number of midwives (in FTE)

per delivery; the share of doctors whose specialty is Anaesthesiology; the share of doctors

whose specialty is Obstetrics and Gynecology (OBGYN); the share of junior doctors, i.e.

doctors who still have not completed their medical training11.

I also use Trust-level socio-economic control variables. One is the Index of Multiple De-

privation (IMD), a score that is used to rank areas in England from most to least deprived

based on a combination of factors including income, employment, education, health, crime,

barriers to housing and services, and living environment (NHS, n.d.-b). Annual IMD scores

are available for NHS Trusts from the Office for Health Improvement and Disparities (OHID)

dataset (see Section 1.4.4 for details). From the same dataset I also use annual information

on the ethnicity breakdown of Trust catchment populations12. In addition, I exploit LTLA-level

ONS information on education to construct a Trust-level measure of the share of population

with no formal qualifications13.

The medical literature based on patient-level data links the use of C-sections to clinical

conditions of the woman or the fetus (Patel et al., 2005; Bragg et al., 2010), but also to lifestyle

habits (Kirchengast & Hartmann, 2018) and maternal age (Rydahl et al., 2019). Unfortunately,

10Age-standardised mortality rates per 100,000 population are standardised to the 2013 European Standard
Population. Rates are suppressed by ONS when the number of deaths is less than 5.

11I classify as junior doctors those who belong to the following categories: Specialty Registrar, Core Training,
Foundation Doctor Year 1, Foundation Doctor Year 2, Hospital Practitioner / Clinical Assistant.

12For each Trust and each calendar year I have information on the share of the catchment population who is
White, Black, Asian, Mixed, or Other.

13I.e. the share of the population with no GCSEs or A-Levels.
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I do not observe such information at an aggregate level (Trust or Local Authority) – and it

could be argued including these types of regressors is less crucial in an aggregate framework

compared to a patient-level analysis, if we assume the geographical distribution of these risk

factors is stable over the timeframe considered. At any rate, I follow Francese et al. (2014)’s

lead and include two proxies for risk factors: mother’s age and perinatal mortality. Mother’s

age is proxied by the annual share of women aged 35 or older giving birth in each Local

Authority14 (sourced from ONS data (2023)), while perinatal mortality rates15 are provided

annually by ONS (2022) at the Local Authority-level and converted into Trust-level rates as

detailed in Section 1.4.4.

1.4.4 From Local Authority- to Trust-level variables

As mentioned in the previous section, I employ a number of regressors that are sourced from

ONS information made available at the Local Authority level. To impute this information to

each Trust, the approach most commonly followed in this strand of the literature is to use

the non-weighted average values for the geographic units whose centroid is within a certain

radius16 from the hospital – see e.g. Cooper et al. (2011); Gaynor et al. (2013); Gaughan et

al. (2020); Bosque-Mercader and Siciliani (2023). However, this strategy – also known as the

“buffer zone method” – is subject to some caveats: the radius is arbitrarily chosen and fixed17,

and applied to all hospitals without accounting for factors such as population density and

geographic characteristics; relying on linear distance implies that natural or artificial barriers

are not incorporated in the model (Fulöp et al., 2009).

To circumvent this issue, I propose a novel approach to impute Local Authority-level

information to each Trust in a way that should reflect with more accuracy the geographic

composition of the patient population of a given Trust and better capture the heterogeneity

14Trust-level shares are constructed as detailed in Section 1.4.4.
15Perinatal mortality refers to stillbirths and deaths under 7 days of age (per 1,000 live births and stillbirths).
16The radius commonly used for England is 30km.
17Using a fixed radius irrespective of location fails to capture how hospitals in rural areas are catering to larger

areas compared to urban hospitals.

29



in socio-economic conditions across different areas – going beyond mere proximity to the

nearest hospital as with the centroid approach.

Since patients in England have the right to choose where to seek care (NHS, n.d.-a), NHS

Trusts do not have geographically defined boundaries in terms of population served, and it is

therefore essential for the policy-maker to understand the catchment area to which a hospital

provides its services – to gauge its needs adequately and plan care and resources efficiently.

An alternative to methods relying on radial distances is the use of patient flow methods (Baker,

2001), which assign geographical units to the catchment area of a hospital as a proportion of

the hospital’s activity stemming from that geographical unit. An advantage to this method is

the ability to capture cross-boundary flows (Jones et al., 2011). Along these lines, the Office

for Health Improvement and Disparities (OHID) has employed a proportionate flow method18

to calculate catchment populations based on individual Hospital Episode Statistics (HES) data

(2022), developing a novel dataset that makes it possible to know for each year and for each

Local Authority in England the number of patients admitted to each Hospital Trust. To the best

of my knowledge I am the first to exploit this dataset in order to derive weights to be used to

convert Local Authority-level information into Trust-level information.

I use this approach to convert into Trust-level variables the following annual regressors

(listed in Section 1.4.3): age-standardised mortality rates for cardiovascular diseases, the

Index of Multiple Deprivation, the hospital population breakdown by ethnicity, the share of

population with no formal qualifications, the share of women giving birth aged 35 or older,

and perinatal mortality rates.

18In summary: first the number of patients (by age and gender) admitted to a given Trust is counted by Local
Authority of residence; then within each age and gender group the proportion of patients going to each provider
is computed, and this proportion is then multiplied by the total resident population in each Local Authority;
finally, Local Authority-level catchment populations are summed to compute the catchment population of every
Trust.
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1.5 Empirical strategy

To answer the research question, I estimate a static model with individual heterogeneity at

the Trust level, with the following specification:

yimt = β0 + β1qualityimt +H
′

itβ2 +W
′

imtβ3 + µi + γm + εimt

where yimt is the elective (or emergency) C-section rate in Trust i, month m and year t,

qualityimt is one of my measures of hospital quality (in Trust i, month m and year t19), Hit is

a vector of Trust and/or catchment area characteristics that vary annually, Wimt a vector of

Trust and/or catchment area characteristics that vary monthly, µi are Trust fixed effects that

control for time-invariant characteristics, γm are seasonal monthly dummies to adjust for any

seasonal trend, and εimt is the error term. The coefficient of interest is β1, which measures the

association between hospital quality and C-section rates. I cluster standard errors at the Trust

level to allow for serial correlation within hospitals.

Given the presence of Trust effects, the model can be estimated assuming those effects

as either fixed or random. A crucial assumption of the random effects model is that of con-

ditional mean independence, i.e. the individual heterogeneity needs to be uncorrelated with

the regressors; on the other hand, this condition can be relaxed in a fixed effects framework

(Woolridge, 2010). Given the Trust information I observe – including volume of admissions,

risk profile of the catchment population, and workforce characteristics – it is not unlikely

for unobserved Trust characteristics to be correlated with those I do observe; for example,

investment on innovative medical equipment is not observed in the dataset, but it is likely

correlated with hospital size (Wei et al., 2018). To support the use of fixed effects estimators

over random effects estimators, I employ fully robust Mundlak specification tests (Mundlak,

1978) – reported in Appendix A: F-tests endorse the use of fixed effects estimators when

19Hospital-acquired infection rates are monthly and therefore indexed imt, readmission rates are instead
annual and therefore indexed it.
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the outcome is the elective C-section rate, whereas results are mixed when looking at the

emergency C-section rate. For this reason, both fixed effects and random effects estimates are

presented throughout the paper, although priority is given to the former.

In any case, the estimation strategy presents some limitations. One is omitted variable bias,

due to the fact that unobserved time-varying heterogeneity is not accounted for. This can be

a concern if there are, for example, shocks that have a short-term impact on either C-section

rates or hospital quality: temporary staffing shortages that make it impossible to offer a certain

type of delivery (C-sections require the presence of an anaesthesiologist), or regional shocks

that affect hospital quality, either in positive (a new residential facility for older people which

relieves hospital pressure) or negative terms (a natural event overwhelming the local hospital

system). Another drawback is the fact that effects are potentially weakly identified in the case

the sample is characterised by limited within-variability.

In the first specification I only include hospital characteristics, while in the second I also

include workforce characteristics. In the third specification I include hospital characteristics

and socio-economic variables, while in the fourth hospital characteristics, workforce informa-

tion and socio-economic variables coexist. Finally, in the fifth specification I add controls for

risk factors. All specifications include seasonal dummies.

1.6 Sample

I examine an unbalanced panel of 97 Hospital Trusts in England, observed monthly over a

period that starts in July 2016 and ends in March 201920, for a total of 2,597 observations.

I exclude observations for which I have missing data on dependent or control variables (this

is mostly due to reporting issues ascribable to Trusts). In addition, the number of Trusts is

not stable over time due to a number of mergers or de-mergers; to ensure comparability over

20The start date coincides with the point in the MSMS dataset when information on mode of delivery is
available for the vast majority of Trusts; the end date coincides with the aforementioned major change in the
dataset that caused a drop in data quality and coverage.
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time, I excluded all NHS Trusts that merged or de-merged between 2011 and 202021.

Figure 1.1. Map of NHS Trusts included in the sample

Figure 1.1 depicts the location of NHS Trusts appearing in the MSMS dataset; in the map

blue dots represent Trusts included in the sample, whereas grey dots represent Trusts that

were dropped from the sample due to mergers or de-mergers.

With respect to the characteristics of Trusts targeted by mergers, the existing literature

reports that between 2011 and 2021 there was a stream of horizontal22 mergers in England

that affected one-fifth of acute hospital Trusts (Collins, 2015). Mergers in the English NHS are

most often due to political and economic factors (Mariani et al., 2022); several are initiated

by administrators, with the aim of helping NHS trusts to gain Foundation status or to improve

financials (Collins, 2015). According to a recent study, NHS Trusts affected by mergers in

the 2011-2021 period – when compared to the never-merged population – were smaller but

21In principle I could have just excluded the Trusts that merged between 2016 and 2019, but the OHID
catchment population dataset provides no retrospective information on catchment populations for Trusts that
merged between 2011 and 2020, effectively making it impossible to include in the sample Trusts that merged
before 2016.

22Horizontal mergers occur between organisations offering the same type of services; in contrast, vertical
mergers occur between organisations at different levels in the healthcare pathway.
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not significantly different in terms of quality and demand risks faced (Beveridge et al., 2024).

These notions might inform the external validity of this study’s results.

Table 1.1 reports descriptive statistics. On average, the overall C-section rate is 28.7%,

with elective and emergency C-section rates being 13.1% and 15.6% respectively. With respect

to measures of hospital quality, the emergency readmission rate is 11.7, and the mean rates

of CDI hospital-acquired infections is 12.7 cases per 100,000 occupied bed days. On a

given month Trusts have on average 356 monthly deliveries, 4,544 elective General & Acute

admissions and 3,766 non-elective General & Acute admissions. 12% of observations concern

a Trust located in London, while almost 60% concern a Foundation Trust. The Trust-level age-

standardised mortality rate (per 100,000 population) for ischaemic heart diseases is 103.3.

In terms of workforce, on average there are 0.078 doctors per patient, and 0.44 midwives

per delivery. Anaesthesiologists represent on average 13.2% of the doctors on staff, while

OBGYNs are 6.6%; doctors still in training are 49% of the total. The average value for the Index

of Multiple Deprivation is 21.6, while 18.4% of the population holds no formal qualifications.

On average Whites are 87.7% of the hospital catchment population, Blacks 2.7%, Asians

6.7%, while individuals classified as Mixed ethnicity and Other are 2% and <1% respectively.

Finally, one woman giving birth out of five is aged 35 or older (21.9%), while the mean perinatal

mortality rate is 5.8 (per 1,000 live births and stillbirths).
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Table 1.1. Descriptive statistics

Variable Mean Median SD Min Max N

Dependent variables
Elective C-section rate 13.11 12.90 3.04 3.03 30.61 2,597
Emergency C-section rate 15.64 15.78 3.80 2.35 28.07 2,597

Hospital quality measures
Emergency readmission rate 11.71 11.5 1.31 8.7 16.1 2,597
CDI infections/100k bed days 12.69 11.04 10.36 0 112.03 2,597

Hospital characteristics
Total monthly deliveries 355.9 350 160.9 75 1,185 2,597
Total elective G&A admiss. 4,544.5 4018 2520.7 0 13,772 2,597
Total non-elective G&A adm. 3,766.3 3618 1,601.4 0 11,055 2,597
London Trust 0.12 0 0.33 0 1 2,597
Foundation Trust 0.59 1 0.49 0 1 2,597
Cardiovascular mortality 103.3 102.2 14.9 75.4 145.7 2,597

Hospital workforce
Doctors (FTE) per patient 0.078 0.075 0.017 0.047 0.159 2,597
Midwives (FTE) per delivery 0.44 0.43 0.07 0.26 0.88 2,597
Anaesthesiologists (%) 13.25 13.24 1.51 8.93 18.09 2,597
OBGYNs (%) 6.60 6.42 1.82 3.38 14.21 2,597
Junior doctors (%) 49.01 49.47 5.12 33.47 68.09 2,597

Socio-economic conditions
Deprivation index 21.59 21.48 6.22 9.23 36.49 2,597
No education (%) 18.42 18.27 2.37 13.52 24.08 2,597
White (%) 87.76 91.51 9.83 57.97 97.91 2,597
Black (%) 2.72 1.43 3.32 0.20 15.65 2,597
Asian (%) 6.74 5.07 5.33 0.87 24.68 2,597
Mixed (%) 1.94 1.71 1.02 0.76 5.38 2,597

Risk factors
Mothers over 35 (%) 21.92 20.77 4.25 15.10 35.83 2,597
Perinatal mortality (%) 5.88 5.82 0.87 3.50 9.25 2,597

Notes: Descriptive statistics for the dependent variables, main independent variables, and control variables (grouped by
type, which is listed in italics). For each variable mean, median, standard deviation (SD), minimum (Min) and maximum
(Max) values are reported, together with the number of observations (N). Data sources: NHS and GOV.UK for Trust-level
information, ONS and GOV.UK for Local Authority-level information.
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1.7 Results

1.7.1 Main results

Tables 1.3–1.10 provide the baseline results. I report results for both dependent variables

considered, the elective C-section rate and the emergency C-section rate. Columns are num-

bered (1) to (5) to denote different specifications; for details on the specifications considered

see Section 1.5. To ease readability, I report here only the estimates related to the main inde-

pendent variables, together with the regressors considered in each specification (grouped for

convenience as detailed in Table 1.2). Full regression results are reported in Appendix B.

Table 1.2. Regressors included in each specification

Group List of regressors

Hospital characteristics Monthly deliveries, Total elective G&A admissions, Total non-elective
G&A admissions, Type of Trust, Whether it is located in London,
Whether it is a Foundation Trust, Mortality rate for ischaemic heart
diseases

Workforce Doctors (FTE) per patient, Midwives (FTE) per delivery, Ratio of Anaes-
thesiologists, Ratio of OBGYNs, Ratio of junior doctors

Socio-economic conditions Index of Multiple Deprivation, Share of population with no GCSEs or
A-Levels, Ethnicity breakdown by Trust

Risk factors Maternal age at birth over 35 (%), Perinatal mortality rate

I start by focusing on emergency readmission rates as the measure of hospital quality.

In Table 1.3 I report fixed effects estimates for elective C-section rates. Results suggest that

lower hospital quality – as measured by a higher readmission rate – is linked to a higher

elective C-section rate: where the readmission rate is 1 p.p. higher we can observe a 0.0023 to

0.0031 p.p. increase in elective C-sections (statistically significant at level 0.05). The random

effects estimates of Table 1.4 provide similar results: where the readmission rate is 1 p.p.

higher we can observe a 0.0025 to 0.0029 p.p. increase in elective C-sections. These results

are in line with the hypothesis that higher quality hospitals deliver more appropriate care, as it
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possible less unnecessary C-sections are being performed. When focusing on the coefficients

associated with the covariates included in the model (see Table 1.16 and Table 1.17), I find

that most behave as could be expected. I note that elective C-sections rates are higher in

Trusts with higher physician density, and are instead lower in more highly deprived Trusts

and in Trusts where the cardiovascular mortality rate is higher.

Table 1.3. Elective C-sections: FE estimates with readmission rates as the measure of hospital quality

Elective C-section rate (1) (2) (3) (4) (5)

Readmission rate 0.00310** 0.00283** 0.00239* 0.00226* 0.00237*
s.e. (0.00137) (0.00134) (0.00135) (0.00130) (0.00132)
p-value 0.025 0.037 0.081 0.086 0.076

Hospital characteristics ✓ ✓ ✓ ✓ ✓
Workforce ✓ ✓ ✓
Socio-econ. conditions ✓ ✓ ✓
Risk factors ✓

Seasonality FE ✓ ✓ ✓ ✓ ✓

R-squared 0.048 0.055 0.056 0.062 0.063
Observations 2,597 2,595 2,597 2,595 2,595
Hospitals 97 97 97 97 97

Notes: Pooled OLS regression estimates of elective C-section rates on hospital quality (measured with the readmission
rate) controlling for Trust fixed effects. Specification 1 includes hospital characteristics; specification 2 includes hospital
and workforce characteristics; specification 3 includes hospital characteristics and socio-economic variables; specification
4 includes hospital characteristics, workforce information and socio-economic variables; specification 5 includes hospital
characteristics, workforce information, socio-economic variables, and controls for risk factors. All specifications include
seasonal dummies. Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at
the Trust level. Data sources: NHS and GOV.UK for Trust-level information, ONS and GOV.UK for LA-level information.
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Table 1.4. Elective C-sections: RE estimates with readmission rates as the measure of hospital quality

Elective C-section rate (1) (2) (3) (4) (5)

Readmission rate 0.00287** 0.00274** 0.00284** 0.00273** 0.00251**
s.e. (0.00124) (0.00120) (0.00125) (0.00121) (0.00126)
p-value 0.020 0.023 0.023 0.024 0.047

Hospital characteristics ✓ ✓ ✓ ✓ ✓
Workforce ✓ ✓ ✓
Socio-econ. conditions ✓ ✓ ✓
Risk factors ✓

Seasonality FE ✓ ✓ ✓ ✓ ✓

R-squared 0.076 0.073 0.079 0.079 0.101
Observations 2,597 2,595 2,597 2,595 2,595
Hospitals 97 97 97 97 97

Notes: Pooled OLS regression estimates of elective C-section rates on hospital quality (measured with the readmission
rate) controlling for Trust random effects. Specification 1 includes hospital characteristics; specification 2 includes hospital
and workforce characteristics; specification 3 includes hospital characteristics and socio-economic variables; specification
4 includes hospital characteristics, workforce information and socio-economic variables; specification 5 includes hospital
characteristics, workforce information, socio-economic variables, and controls for risk factors. All specifications include
seasonal dummies. Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at
the Trust level. Data sources: NHS and GOV.UK for Trust-level information, ONS and GOV.UK for LA-level information.

If instead we turn our attention to emergency C-sections, there is no evidence of a statisti-

cally significant impact of hospital quality on emergency C-section rates, whether we look at

fixed effects (Table 1.3) or random effects (Table 1.4) estimates, and across different specifica-

tions. Therefore emergency C-sections appear to be less sensitive to hospital quality compared

to elective C-sections. Other covariates follow the pattern highlighted for elective C-sections.
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Table 1.5. Emergency C-sections: FE estimates with readmission rates as the measure of hospital
quality

Emergency C-section rate (1) (2) (3) (4) (5)

Readmission rate 0.00028 0.00013 -0.00034 -0.00039 -0.00074
s.e. (0.00232) (0.00231) (0.00240) (0.00237) (0.00238)
p-value 0.903 0.957 0.887 0.870 0.756

Hospital characteristics ✓ ✓ ✓ ✓ ✓
Workforce ✓ ✓ ✓
Socio-econ. conditions ✓ ✓ ✓
Risk factors ✓

Seasonality FE ✓ ✓ ✓ ✓ ✓

R-squared 0.048 0.051 0.052 0.056 0.059
Observations 2,602 2,600 2,602 2,600 2,600
Hospitals 97 97 97 97 97

Notes: Pooled OLS regression estimates of emergency C-section rates on hospital quality (measured with the readmission
rate) controlling for Trust fixed effects. Spec. 1 includes hospital characteristics; spec. 2 includes hospital and workforce
characteristics; spec. 3 includes hospital characteristics and socio-economic variables; spec. 4 includes hospital characteristics,
workforce information and socio-economic variables; spec. 5 includes hospital characteristics, workforce information, socio-
economic variables, and controls for risk factors. All specifications include seasonal dummies. Robust standard errors in
parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level. Data sources: NHS and GOV.UK
for Trust-level information, ONS and GOV.UK for LA-level information.
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Table 1.6. Emergency C-sections: RE estimates with readmission rates as the measure of hospital
quality

Emergency C-section rate (1) (2) (3) (4) (5)

Readmission rate 0.00102 0.00111 0.00064 0.00069 0.00016
s.e. (0.00192) (0.00188) (0.00200) (0.00198) (0.00198)
p-value 0.594 0.555 0.749 0.726 0.936

Hospital characteristics ✓ ✓ ✓ ✓ ✓
Workforce ✓ ✓ ✓
Socio-econ. conditions ✓ ✓ ✓
Risk factors ✓

Seasonality FE ✓ ✓ ✓ ✓ ✓

R-squared 0.069 0.094 0.128 0.142 0.154
Observations 2,602 2,600 2,602 2,600 2,600
Hospitals 97 97 97 97 97

Notes: Pooled OLS regression estimates of emergency C-section rates on hospital quality (measured with the readmission
rate) controlling for Trust random effects. Spec. 1 includes hospital characteristics; spec. 2 includes hospital and workforce
characteristics; spec. 3 includes hospital characteristics and socio-economic variables; spec. 4 includes hospital characteristics,
workforce information and socio-economic variables; spec. 5 includes hospital characteristics, workforce information, socio-
economic variables, and controls for risk factors. All specifications include seasonal dummies. Robust standard errors in
parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level. Data sources: NHS and GOV.UK
for Trust-level information, ONS and GOV.UK for LA-level information.

Similar results are observed when measuring hospital quality with CDI infection rates, as

shown below. In Table 1.7 I show fixed effects estimates for the elective C-section rate, and

here I find a 0.00015 p.p. increase in elective C-sections – statistically significant at the 0.01

level across all specifications. The same results are echoed in the random effects estimates

reported in Table 1.8, where again statistical significance is at the 0.01 level. These results

suggest once more that higher quality hospitals deliver more appropriate care. With respect to

the coefficients associated with the covariates included in the model (see tables in Appendix

B), I find the same pattern highlighted for the regressions with emergency readmission rates

as a measure of hospital quality: doctor density is associated with higher elective C-section

rates, whereas Trust-level deprivation and cardiovascular mortality rates are linked to lower

elective C-section rates.
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Table 1.7. Elective C-sections: FE estimates with CDI infection rates as the measure of hospital quality

Elective C-section rate (1) (2) (3) (4) (5)

CDI infection rate 0.00015*** 0.00015*** 0.00015*** 0.00015*** 0.00015***
s.e. (0.00005) (0.00005) (0.00005) (0.00005) (0.00005)
p-value 0.002 0.001 0.002 0.001 0.002

Hospital characteristics ✓ ✓ ✓ ✓ ✓
Workforce ✓ ✓ ✓
Socio-econ. conditions ✓ ✓ ✓
Risk factors ✓

Seasonality FE ✓ ✓ ✓ ✓ ✓

R-squared 0.047 0.055 0.057 0.064 0.065
Observations 2,597 2,595 2,597 2,595 2,595
Hospitals 97 97 97 97 97

Notes: Pooled OLS regression estimates of elective C-section rates on hospital quality (measured with the CDI infection rate)
controlling for Trust fixed effects. Specification 1 includes hospital characteristics; specification 2 includes hospital and workforce
characteristics; specification 3 includes hospital characteristics and socio-economic variables; specification 4 includes hospital
characteristics, workforce information and socio-economic variables; specification 5 includes hospital characteristics, workforce
information, socio-economic variables, and controls for risk factors. All specifications include seasonal dummies. Robust standard
errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level. Data sources: NHS and GOV.UK
for Trust-level information, ONS and GOV.UK for Local Authority-level information.

Table 1.8. Elective C-sections: RE estimates with CDI infection rates as the measure of hospital quality

Elective C-section rate (1) (2) (3) (4) (5)

CDI infection rate 0.00015*** 0.00015*** 0.00015*** 0.00015*** 0.00015***
s.e. (0.00005) (0.00005) (0.00005) (0.00005) (0.00005)
p-value 0.002 0.002 0.001 0.001 0.001

Hospital characteristics ✓ ✓ ✓ ✓ ✓
Workforce ✓ ✓ ✓
Socio-econ. conditions ✓ ✓ ✓
Risk factors ✓

Seasonality FE ✓ ✓ ✓ ✓ ✓

R-squared 0.070 0.066 0.074 0.073 0.097
Observations 2,597 2,595 2,597 2,595 2,595
Hospitals 97 97 97 97 97

Notes: Pooled OLS regression estimates of elective C-section rates on hospital quality (measured with the CDI infection rate)
controlling for Trust random effects. Specification 1 includes hospital characteristics; specification 2 includes hospital and workforce
characteristics; specification 3 includes hospital characteristics and socio-economic variables; specification 4 includes hospital
characteristics, workforce information and socio-economic variables; specification 5 includes hospital characteristics, workforce
information, socio-economic variables, and controls for risk factors. All specifications include seasonal dummies. Robust standard
errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level. Data sources: NHS and GOV.UK
for Trust-level information, ONS and GOV.UK for Local Authority-level information.
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Finally, in Table 1.9 and Table 1.10 – depicting respectively fixed and random effects

estimates for emergency C-section rates – we can observe again no effect of hospital quality

on emergency C-section rates.

Table 1.9. Emergency C-sections: FE estimates with CDI infection rates as the measure of hospital
quality

Emergency C-section rate (1) (2) (3) (4) (5)

CDI infection rate 0.00001 0.00001 0.00001 0.00001 0.00002
s.e. (0.00006) (0.00006) (0.00006) (0.00006) (0.00006)
p-value 0.849 0.829 0.852 0.822 0.784

Hospital characteristics ✓ ✓ ✓ ✓ ✓
Workforce ✓ ✓ ✓
Socio-econ. conditions ✓ ✓ ✓
Risk factors ✓

Seasonality FE ✓ ✓ ✓ ✓ ✓

R-squared 0.048 0.051 0.052 0.056 0.059
Observations 2,602 2,600 2,602 2,600 2,600
Hospitals 97 97 97 97 97

Notes: Pooled OLS regression estimates of emergency C-section rates on hospital quality (measured with the CDI infection
rate) controlling for Trust fixed effects. Specification 1 includes hospital characteristics; specification 2 includes hospital
and workforce characteristics; specification 3 includes hospital characteristics and socio-economic variables; specification
4 includes hospital characteristics, workforce information and socio-economic variables; specification 5 includes hospital
characteristics, workforce information, socio-economic variables, and controls for risk factors. All specifications include
seasonal dummies. Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at
the Trust level. Data sources: NHS and GOV.UK for Trust-level information, ONS and GOV.UK for Local Authority-level
information.
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Table 1.10. Emergency C-sections: RE estimates with CDI infection rates as the measure of hospital
quality

Emergency C-section rate (1) (2) (3) (4) (5)

CDI infection rate 0.00001 0.00001 0.00002 0.00002 0.00002
s.e. (0.00006) (0.00006) (0.00006) (0.00006) (0.00006)
p-value 0.864 0.851 0.786 0.781 0.750

Hospital characteristics ✓ ✓ ✓ ✓ ✓
Workforce ✓ ✓ ✓
Socio-econ. conditions ✓ ✓ ✓
Risk factors ✓

Seasonality FE ✓ ✓ ✓ ✓ ✓

R-squared 0.067 0.090 0.127 0.141 0.153
Observations 2,602 2,600 2,602 2,600 2,600
Hospitals 97 97 97 97 97

Notes: Pooled OLS regression estimates of emergency C-section rates on hospital quality (measured with the CDI infection
rate) controlling for Trust random effects. Specification 1 includes hospital characteristics; specification 2 includes hospital
and workforce characteristics; specification 3 includes hospital characteristics and socio-economic variables; specification
4 includes hospital characteristics, workforce information and socio-economic variables; specification 5 includes hospital
characteristics, workforce information, socio-economic variables, and controls for risk factors. All specifications include
seasonal dummies. Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at
the Trust level. Data sources: NHS and GOV.UK for Trust-level information, ONS and GOV.UK for Local Authority-level
information.

1.7.2 Robustness

A potential issue is related to the use of ward size (measured as the monthly number of

deliveries in a given Trust) as one of the controls, due to the fact that the variable is also used

as the denominator of the two outcome variables (i.e. the two C-section rates); this could lead

to bias in the estimates. A potential solution is to disregard ward size as a control; results are

presented in Appendix C, and do not differ substantially from those in the main analysis. Yet,

it is reasonable to believe that ward size cannot be ignored as a control, as there is evidence

of delivery volume affecting the quality of obstetric care (Bozzuto et al., 2019; Stöcker et al.,

2025). Therefore, another option is to use, as a measure of ward size, a categorical variable

that classifies Trusts by terciles of the annual average number of deliveries in a month23;

although still based on the denominator of the outcome variables, the use of categories based

23Trusts are classified as being either small, medium, or large.
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on a yearly average should mitigate any potential bias. Results are reported in Appendix C,

and they are in line with the main analysis.

1.7.3 Heterogeneity analysis

Furthermore, I show whether the association between C-section rates and hospital quality

differs by Trust characteristics, namely the level of deprivation and the size of the maternity

ward. In fact, it may be that the link between quality and appropriateness of medical care

provision differs depending on whether a Trust is below or above the median in terms of

socio-economic conditions of the population being catered to, or in terms of hospital size.

I first test this hypothesis by splitting the sample into two groups: Trusts with a mean

Index of Multiple Deprivation score above and below the median value (higher scores indicate

higher deprivation). In Table 1.11 and Table 1.12 I report respectively fixed and random effects

estimates for elective C-section rates, and we can observe – especially for CDI infection rates

– positive and statistically significant coefficients in the sample with a deprivation above the

median, whereas no coefficient is statistically significant in the sample with a deprivation

below the median. Little to no heterogeneity is instead observed when looking at emergency

C-section rates (see Table 1.28 and Table 1.29 in Appendix D).
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Table 1.11. Heterogeneity analysis by deprivation: FE estimates for elective C-section rates

Deprivation above median (1) (2) (3) (4) (5)

Readmission rate 0.00282** 0.00238* 0.00249* 0.00203 0.00208
Observations 1,295 1,293 1,295 1,293 1,293
Hospitals 48 48 48 48 48

CDI infection rate 0.00021*** 0.00021*** 0.00020*** 0.00020*** 0.00020***
Observations 1,295 1,293 1,295 1,293 1,293
Hospitals 48 48 48 48 48

Deprivation below median (1) (2) (3) (4) (5)

Readmission rate 0.00320 0.00314 0.00325 0.00312 0.00319
Observations 1,302 1,302 1,302 1,302 1,302
Hospitals 49 49 49 49 49

CDI infection rate 0.00009 0.00009 0.00009 0.00009 0.0001
Observations 1,302 1,302 1,302 1,302 1,302
Hospitals 49 49 49 49 49

Notes: Heterogeneity analysis by level of deprivation of the Trust (above or below the median value). Pooled OLS regression estimates
of elective C-section rates on hospital quality (measured with the readmission rate and the CDI infection rate) controlling for Trust fixed
effects. Specifications 1 to 5 vary in terms of the controls used, as described in Section 1.5. All specifications include seasonal dummies.
Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level. Data sources: NHS
and GOV.UK for Trust-level information, ONS and GOV.UK for Local Authority-level information.
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Table 1.12. Heterogeneity analysis by deprivation: RE estimates for elective C-section rates

Deprivation above median (1) (2) (3) (4) (5)

Readmission rate 0.00264*** 0.00252** 0.00250** 0.00237** 0.00229**
Observations 1,295 1,293 1,295 1,293 1,293
Hospitals 48 48 48 48 48

CDI infection rate 0.00019*** 0.00019*** 0.00019*** 0.00019*** 0.00020***
Observations 1,295 1,293 1,295 1,293 1,293
Hospitals 48 48 48 48 48

Deprivation below median (1) (2) (3) (4) (5)

Readmission rate 0.00329 0.00331* 0.00330 0.00326 0.00329
Observations 1,302 1,302 1,302 1,302 1,302
Hospitals 49 49 49 49 49

CDI infection rate 0.0001 0.0001 0.0001 0.0001 0.0001
Observations 1,302 1,302 1,302 1,302 1,302
Hospitals 49 49 49 49 49

Notes: Heterogeneity analysis by level of deprivation of the Trust (above or below the median value). Pooled OLS regression estimates of
elective C-section rates on hospital quality (measured with the readmission rate and the CDI infection rate) controlling for Trust random
effects. Specifications 1 to 5 vary in terms of the controls used, as described in Section 1.5. All specifications include seasonal dummies.
Robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level. Data sources: NHS
and GOV.UK for Trust-level information, ONS and GOV.UK for Local Authority-level information.

I also split the sample by size of the maternity ward, measured by the monthly number

of births occurring in a given Trust. As shown in Table 1.13 (fixed effects estimates) and

Table 1.14 (random effects estimates), no heterogeneity can be observed between the two

groups when looking at elective C-section rates. Inconclusive results for emergency C-section

rates are likewise reported in Appendix D. In the same Appendix I also present results for

two additional heterogeneity analyses: by Trust-level cardiovascular mortality rate and by

doctor-to-patient ratio.
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Table 1.13. Heterogeneity analysis by maternity ward size: FE estimates for elective C-section rates

Tot. deliveries median (1) (2) (3) (4) (5)

Readmission rate 0.00217* 0.00111 0.00172 0.000924 0.000704
Observations 1,311 1,309 1,311 1,309 1,309
Hospitals 48 48 48 48 48

CDI infection rate 0.00012** 0.00012** 0.00013** 0.00013** 0.00013**
Observations 1,311 1,309 1,311 1,309 1,309
Hospitals 48 48 48 48 48

Tot. deliveries below median (1) (2) (3) (4) (5)

Readmission rate 0.00321 0.00313* 0.00198 0.00199 0.00207
Observations 1,286 1,286 1,286 1,286 1,286
Hospitals 49 49 49 49 49

CDI infection rate 0.00017** 0.00018** 0.00017*** 0.00018*** 0.00017**
Observations 1,286 1,286 1,286 1,286 1,286
Hospitals 49 49 49 49 49

Notes: Heterogeneity analysis by maternity ward size (above or below the median value). Pooled OLS regression estimates of elective
C-section rates on hospital quality (measured with the readmission rate and the CDI infection rate) controlling for Trust fixed effects.
Specifications 1 to 5 vary in terms of the controls used, as described in Section 1.5. All specifications include seasonal dummies. Robust
standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level. Data sources: NHS and
GOV.UK for Trust-level information, ONS and GOV.UK for Local Authority-level information.
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Table 1.14. Heterogeneity analysis by maternity ward size: RE estimates for elective C-section rates

Tot. deliveries above median (1) (2) (3) (4) (5)

Readmission rate 0.00201* 0.00141 0.00198* 0.00136 0.000681
Observations 1,311 1,309 1,311 1,309 1,309
Hospitals 48 48 48 48 48

CDI infection rate 0.00012** 0.00012** 0.00013** 0.00012** 0.00013**
Observations 1,311 1,309 1,311 1,309 1,309
Hospitals 48 48 48 48 48

Tot. deliveries below median (1) (2) (3) (4) (5)

Readmission rate 0.00333* 0.00312* 0.00316* 0.00286* 0.00282*
Observations 1,286 1,286 1,286 1,286 1,286
Hospitals 49 49 49 49 49

CDI infection rate 0.00016** 0.00016** 0.00017** 0.00017** 0.00017**
Observations 1,286 1,286 1,286 1,286 1,286
Hospitals 49 49 49 49 49

Notes: Heterogeneity analysis by maternity ward size (above or below the median value). Pooled OLS regression estimates of elective
C-section rates on hospital quality (measured with the readmission rate and the CDI infection rate) controlling for Trust random effects.
Specifications 1 to 5 vary in terms of the controls used, as described in Section 1.5. All specifications include seasonal dummies. Robust
standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level. Data sources: NHS and
GOV.UK for Trust-level information, ONS and GOV.UK for Local Authority-level information.

1.8 Discussion

This study contributes to the economic literature devoted to understanding the determinants

of C-section rates, often used as a metric to gauge the level of appropriateness of medical care

provision. In particular I explore the relationship between C-section rates and hospital quality,

the latter measured using emergency readmission rates and hospital-acquired infection rates.

My results show that lower quality hospitals have higher C-section rates. In particular, I find

that lower quality hospitals have higher elective C-section rates when looking at both emer-

gency readmission and hospital-acquired infection rates as measures of quality; this seems to

support the proposition that better organisational practices, decision-making processes, use

of resources and higher quality healthcare professionals result in less potentially unnecessary

C-sections being performed. On the other hand I do not observe an effect of hospital quality
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on emergency C-section rates. Although unable to analyse this further without access to indi-

vidual data, it is interesting to note emergency C-sections seem to be less sensitive to hospital

quality compared to elective C-sections. This is potentially due to the fact that there is less

discretionary margin in the number of emergency procedures compared to elective ones – and

indeed there is ample evidence of e.g. timing manipulation in the case of elective C-sections

(Jacobson et al., 2021; Melo & Menezes-Filho, 2024). In addition, emergency procedures –

as is the case for emergency C-sections – are assigned to hospitals in a quasi-random way,

hence a lack of correlation with hospital quality.

The heterogeneity analysis shows that lower quality hospitals have higher elective C-

section rates in areas where deprivation is above the median; hospital quality appears to be

less of a factor in hospitals that serve more affluent areas. Although the present analysis is

unable to provide further evidence on this aspect, the existing literature points to some factors

that can help explain why hospital quality matters more in less advantaged areas. According

to Cavallaro et al. (2023), hospitals in the most deprived areas of the United Kingdom had

to increase admission thresholds in response to insufficient healthcare funding, which could

have led to a reduction in the number of potentially superfluous elective C-sections in high

quality hospitals, and a concomitant increase for neighbouring hospitals of lower quality, less

equipped to discern inappropriate care. On the other hand, in more affluent areas the larger

availability of private providers (McCannn et al., 2024) might act as a “filter” of potentially

unnecessary elective C-sections, so that public hospitals in less deprived areas – irrespective

of their quality – are less likely to deal with inappropriate elective C-sections.

These results support the idea that hospital quality plays a key role in determining the

appropriateness of care provision – in particular with respect to maternal care. Potential

mechanisms at play include better organisational procedures, a more efficient use of resources,

and more skilled healthcare professionals. Future work should focus on disentangling the

mechanisms through which hospital quality affects C-section rates, and on understanding

why I observe a differential impact between elective and emergency C-sections.
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This study presents some limitations. First, the MSMS dataset is labelled as experimental

statistics, which implies reporting quality might be more volatile compared to established data

sources such as Hospital Episode Statistics (HES). In addition, due to the exclusion from the

sample of merged and de-merged Trusts, I am unable to observe the universe of NHS Trusts

offering maternity services, and therefore I give priority to internal validity rather than external

validity when analysing the results I obtain.

Another limitation lies in the length of the data panel used for the analysis, which covers

only three years. Further studies should consider longer timeframes, in order to garner insights

into potential causal relationships. Moreover, further research should include additional quality

measures, to provide a more multidimensional view of hospital quality.

My findings highlight the importance of hospital quality in making sure patients receive

care that is safe, effective and people-centered. With respect to policy considerations, the

policy-maker should focus in particular on lower quality hospitals in deprived areas and make

investments in hospitals lagging behind in terms of quality, e.g. by making these hospitals

more attractive to high-skill healthcare professionals and competent administrators, while also

setting guidelines to help with staff coordination and caseload management. More in general,

policy-makers should always strive for a fuller understanding of what drives adequateness of

hospital care and promote long-term policies aimed at improving the quality of care provision.

In light of the aforementioned long-standing inequalities in healthcare access in England,

hospitals can play a key role in shaping the health of the population to which they provide

their services, and therefore investments targeting the more deprived areas and the more

at-risk populations are of utmost importance.
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Appendix 1.A Mundlak specification tests

As anticipated in Section 1.5, I report here the results of the fully robust Mundlak specification

tests (Mundlak, 1978), used as Hausman-type Wald tests on the cross-sectional averages of

the time-varying regressors, to compare random effects versus fixed effects estimators. The

null hypothesis of the test is that the error term is not correlated with the regressors – the key

underlying assumption of the random effects model. Rejecting the null hypothesis implies a

preference for the fixed effects model. P-values for the F-tests on the cross-sectional averages

of the time-varying regressors when considering both outcomes (elective C-section rates and

emergency C-section rates) and both measures of hospital quality (readmission rates and CDI

infection rates) are reported in Table 1.15.

When looking at the elective C-section rate as the outcome, across both measures of

hospital quality and virtually all specifications (with the exception of the first, i.e. the least

comprehensive one) the null hypothesis is rejected, which supports the use of the fixed

effects estimator over the random effects one. When looking at the emergency C-section rate

the results are on the other hand mixed, hence the reason why both fixed effects and random

effects estimates are presented throughout the paper.

Table 1.15. Mundlak specification tests for the main results

Outcome var. Main ind. var. (1) (2) (3) (4) (5)

Elective CS rate Readmission rate 0.182 0.001 0.005 0.000 0.000
CDI infection rate 0.055 0.002 0.002 0.000 0.000

Emergency CS rate Readmission rate 0.004 0.002 0.401 0.105 0.313
CDI infection rate 0.006 0.003 0.562 0.242 0.616

Notes: p-values for the F-test of the Mundlak specification, run as a postestimation of the random effects models.
Columns are numbered (1) to (5) to denote different specifications, as described in Section 1.5.
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Appendix 1.B Full main results

As anticipated in the main text of the paper, in this Appendix I report full results for the

regressions analysed in Section 1.7.1. Columns numbered (1) to (5) denote the different

specifications considered; regressors are grouped for convenience as detailed in Table 1.2.

Table 1.16. Elective C-sections: FE estimates with emergency readmission rates as the measure of
hospital quality

Elective C-section rate (1) (2) (3) (4) (5)
Readmission rate 0.00310** 0.00283** 0.00239* 0.00226* 0.00237*

(0.00137) (0.00134) (0.00135) (0.00130) (0.00132)
Monthly deliveries -0.00005*** -0.00002 -0.00004*** -0.00002 -0.00002

(0.00002) (0.00002) (0.00002) (0.00002) (0.00002)
Elective admissions 0.00000*** 0.00000*** 0.00000*** 0.00000*** 0.00000***

(0.00000) (0.00000) (0.00000) (0.00000) (0.00000)
Non-elective admissions 0.00000 0.00000** -0.00000 0.00000** 0.00000**

(0.00000) (0.00000) (0.00000) (0.00000) (0.00000)
Cardiov. mortality -0.00068*** -0.00055*** -0.00036** -0.00027 -0.00035**

(0.00016) (0.00016) (0.00016) (0.00016) (0.00016)
Doctors per patient 0.473*** 0.429*** 0.453***

(0.151) (0.145) (0.149)
Midwives per delivery 0.0267 0.0247 0.0254

(0.0203) (0.0199) (0.0200)
Ratio of anaesth. -0.0169 -0.0439 -0.0383

(0.107) (0.103) (0.102)
Ratio of OBGYNs -0.0577 -0.0616 -0.0681

(0.129) (0.122) (0.122)
Ratio of junior doctors -0.0108 -0.00530 -0.00771

(0.0464) (0.0453) (0.0443)
Deprivation -0.0193*** -0.0173*** -0.0196***

(0.00526) (0.00529) (0.00594)
No education 0.00538 0.00600 0.00484

(0.00697) (0.00719) (0.00711)
White (ethnicity) -0.201 -0.473 -0.614

(2.080) (1.999) (2.031)
Black (ethnicity) -0.489 -1.001 -1.218

(2.258) (2.075) (2.118)
Asian (ethnicity) -0.124 -0.430 -0.582

(2.177) (2.081) (2.116)
Mixed (ethnicity) -1.929 -1.996 -2.045

(4.133) (4.265) (4.317)
Mothers aged >35 -0.168

(0.195)
Perinatal mortality 0.000882

(0.00116)

Seasonality FE ✓ ✓ ✓ ✓ ✓

R-squared 0.048 0.055 0.056 0.062 0.063
Observations 2,597 2,595 2,597 2,595 2,595
Hospitals 97 97 97 97 97

Notes: robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level.
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Table 1.17. Elective C-sections: RE estimates with emergency readmission rates as the measure of
hospital quality

Elective C-section rate (1) (2) (3) (4) (5)

Readmission rate 0.00287** 0.00274** 0.00284** 0.00273** 0.00251**
(0.00124) (0.00120) (0.00125) (0.00121) (0.00126)

Monthly deliveries -0.00006*** -0.00006*** -0.00006*** -0.00006*** -0.00006***
(0.00001) (0.00002) (0.00001) (0.00002) (0.00002)

Elective admissions 0.00000*** 0.00000*** 0.00000*** 0.00000*** 0.00000***
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000)

Non-elective admissions -0.00000 -0.00000 -0.00000 -0.00000 -0.00000
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000)

Type of Trust -0.00034 -0.0011 -0.00043 -0.0012 -0.00095
(0.00176) (0.00194) (0.00179) (0.00191) (0.00186)

London Trust 0.00862 0.00569 0.0198 0.0193 0.0167
(0.00848) (0.00906) (0.0191) (0.0195) (0.0188)

Foundation Trust 0.00063 0.00145 -0.00180 -0.00128 -0.00105
(0.00420) (0.00433) (0.00417) (0.00426) (0.00414)

Cardiov. mortality -0.00055*** -0.00056*** -0.00061*** -0.00060*** -0.00047***
(0.00011) (0.00011) (0.00014) (0.00015) (0.00013)

Doctors per patient 0.0337 0.0228 0.00938
(0.108) (0.104) (0.105)

Midwives per delivery 0.00599 0.00610 0.00570
(0.0187) (0.0185) (0.0183)

Ratio of anaesth. -0.0294 -0.0337 -0.0294
(0.0855) (0.0874) (0.0853)

Ratio of OBGYNs 0.0599 0.0606 0.0568
(0.0971) (0.103) (0.101)

Ratio of junior doctors 0.0139 0.0226 0.0272
(0.0381) (0.0405) (0.0404)

Deprivation -0.000241 -0.000283 -0.000201
(0.000534) (0.000561) (0.000565)

No education 0.000301 0.000157 0.00224
(0.00160) (0.00174) (0.00213)

White (ethnicity) -0.222 -0.149 0.0888
(0.657) (0.678) (0.728)

Black (ethnicity) -0.267 -0.207 0.143
(0.730) (0.749) (0.802)

Asian (ethnicity) -0.0871 -0.0113 0.195
(0.684) (0.704) (0.753)

Mixed (ethnicity) -1.247 -1.199 -1.632
(1.218) (1.247) (1.259)

Mothers aged >35 0.261
(0.159)

Perinatal mortality 0.000827
(0.00118)

Seasonality FE ✓ ✓ ✓ ✓ ✓

R-squared 0.076 0.073 0.079 0.079 0.101
Observations 2,597 2,595 2,597 2,595 2,595
Hospitals 97 97 97 97 97

Notes: robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level.
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Table 1.18. Elective C-sections: FE estimates with CDI infection rates as the measure of hospital
quality

Elective C-section rate (1) (2) (3) (4) (5)

CDI infection rate 0.00015*** 0.00015*** 0.00015*** 0.00015*** 0.00015***
(0.00005) (0.00005) (0.00005) (0.00005) (0.00005)

Monthly deliveries -0.00006*** -0.00002 -0.00006*** -0.00002 -0.00002
(0.00002) (0.00002) (0.00002) (0.00002) (0.00002)

Elective admissions 0.00000** 0.00000*** 0.00000** 0.00000*** 0.00000***
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000)

Non-elective admissions 0.00000 0.00000*** 0.00000 0.00000*** 0.00000***
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000)

Cardiov. mortality -0.00079*** -0.00065*** -0.00042*** -0.00032** -0.00038**
(0.00016) (0.00016) (0.00016) (0.00016) (0.00016)

Doctors per patient 0.502*** 0.440*** 0.459***
(0.151) (0.147) (0.151)

Midwives per delivery 0.0285 0.0261 0.0267
(0.0207) (0.0200) (0.0200)

Ratio of anaesth. -0.00270 -0.0349 -0.0295
(0.117) (0.109) (0.109)

Ratio of OBGYNs -0.0326 -0.0431 -0.0475
(0.136) (0.127) (0.127)

Ratio of junior doctors -0.0131 -0.00456 -0.00612
(0.0509) (0.0493) (0.0487)

Deprivation -0.0222*** -0.0198*** -0.0217***
(0.00582) (0.00591) (0.00670)

No education 0.00761 0.00809 0.00731
(0.00691) (0.00709) (0.00694)

White (ethnicity) 0.548 0.226 0.147
(2.442) (2.323) (2.359)

Black (ethnicity) 0.389 -0.193 -0.322
(2.672) (2.440) (2.485)

Asian (ethnicity) 0.649 0.289 0.201
(2.541) (2.408) (2.448)

Mixed (ethnicity) -1.027 -1.071 -1.093
(4.486) (4.682) (4.737)

Mothers aged >35 -0.121
(0.187)

Perinatal mortality 0.000797
(0.00114)

Seasonality FE ✓ ✓ ✓ ✓ ✓

R-squared 0.048 0.055 0.056 0.062 0.063
Observations 2,597 2,595 2,597 2,595 2,595
Hospitals 97 97 97 97 97

Notes: robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level.

55



Table 1.19. Elective C-sections: RE estimates with CDI infection rates as the measure of hospital
quality

Elective C-section rate (1) (2) (3) (4) (5)

CDI infection rate 0.00015*** 0.00015*** 0.00015*** 0.00015*** 0.00015***
(0.00005) (0.00005) (0.00005) (0.00005) (0.00005)

Monthly deliveries -0.00007*** -0.00007*** -0.00007*** -0.00007*** -0.00007***
(0.00001) (0.00002) (0.00001) (0.00002) (0.00002)

Elective admissions 0.00000*** 0.00000*** 0.00000*** 0.00000*** 0.00000***
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000)

Non-elective admissions 0.00000 0.00000 0.00000 0.00000 0.00000
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000)

Type of Trust -0.00055 -0.0013 -0.00061 -0.0015 -0.0012
(0.00183) (0.00198) (0.00183) (0.00191) (0.00186)

London Trust 0.00899 0.00518 0.0199 0.0188 0.0156
(0.00810) (0.00887) (0.0182) (0.0187) (0.0179)

Foundation Trust 0.00128 0.00226 -0.000927 -0.00033 -0.00018
(0.00415) (0.00427) (0.00404) (0.00413) (0.00400)

Cardiov. mortality -0.00063*** -0.00064*** -0.00072*** -0.00071*** -0.00054***
(0.00012) (0.00012) (0.00015) (0.00016) (0.00015)

Doctors per patient 0.0301 0.0251 0.00901
(0.107) (0.103) (0.104)

Midwives per delivery 0.00881 0.00790 0.00736
(0.0190) (0.0187) (0.0185)

Ratio of anaesth. -0.0165 -0.0204 -0.0184
(0.0923) (0.0944) (0.0915)

Ratio of OBGYNs 0.0799 0.0724 0.0652
(0.104) (0.109) (0.106)

Ratio of junior doctors 0.0171 0.0258 0.0309
(0.0422) (0.0448) (0.0443)

Deprivation -0.000113 -0.000168 -7.94e-05
(0.000554) (0.000572) (0.000567)

No education 0.000248 0.000126 0.00260
(0.00159) (0.00172) (0.00210)

White (ethnicity) 0.150 0.190 0.457
(0.658) (0.689) (0.734)

Black (ethnicity) 0.184 0.204 0.596
(0.725) (0.752) (0.796)

Asian (ethnicity) 0.326 0.365 0.594
(0.685) (0.716) (0.762)

Mixed (ethnicity) -0.998 -0.972 -1.473
(1.255) (1.280) (1.285)

Mothers aged >35 0.307**
(0.153)

Perinatal mortality 0.000716
(0.00117)

Seasonality FE ✓ ✓ ✓ ✓ ✓

R-squared 0.070 0.066 0.074 0.073 0.097
Observations 2,597 2,595 2,597 2,595 2,595
Hospitals 97 97 97 97 97

Notes: robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level.
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Table 1.20. Emergency C-sections: FE estimates with emergency readmission rates as the measure
of hospital quality

Emergency C-section rate (1) (2) (3) (4) (5)

Readmission rate 0.00028 0.00013 -0.00034 -0.00039 -0.00074
(0.00232) (0.00231) (0.00240) (0.00237) (0.00238)

Monthly deliveries -0.00005* -0.00006 -0.00005** -0.00006 -0.00006
(0.00002) (0.00004) (0.00003) (0.00004) (0.00004)

Elective admissions 0.00000 0.00000 0.00000 0.00000 0.00000
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000)

Non-elective admissions 0.00000* 0.00000** 0.00000* 0.00000** 0.00000*
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000)

Cardiov. mortality -0.00109*** -0.00097*** -0.00097*** -0.00086** -0.00069**
(0.00027) (0.00027) (0.00033) (0.00034) (0.00033)

Doctors per patient 0.365 0.312 0.261
(0.275) (0.284) (0.277)

Midwives per delivery -0.00787 -0.00595 -0.00821
(0.0269) (0.0272) (0.0276)

Ratio of anaesth. -0.185 -0.223 -0.244
(0.154) (0.160) (0.163)

Ratio of OBGYNs -0.0108 -0.0328 -0.0155
(0.179) (0.174) (0.174)

Ratio of junior doctors -0.0649 -0.0612 -0.0592
(0.0587) (0.0589) (0.0595)

Deprivation -0.0111 -0.00999 -0.00438
(0.00907) (0.00910) (0.00924)

No education 0.0102 0.0107 0.0127
(0.0121) (0.0120) (0.0118)

White (ethnicity) 7.194 6.831 7.088
(7.584) (7.943) (7.953)

Black (ethnicity) 8.179 7.573 8.026
(7.987) (8.300) (8.320)

Asian (ethnicity) 7.458 7.051 7.347
(7.775) (8.165) (8.171)

Mixed (ethnicity) 3.630 3.159 3.049
(12.01) (12.48) (12.48)

Mothers aged >35 0.370
(0.294)

Perinatal mortality -0.00238
(0.00188)

R-squared 0.048 0.051 0.052 0.056 0.059
Observations 2,602 2,600 2,602 2,600 2,600
Hospitals 97 97 97 97 97

Notes: robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level.
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Table 1.21. Emergency C-sections: RE estimates with emergency readmission rates as the measure
of hospital quality

Emergency C-section rate (1) (2) (3) (4) (5)

Readmission rate 0.00102 0.00111 0.00064 0.00069 0.00016
(0.00192) (0.00188) (0.00200) (0.00198) (0.00198)

Monthly deliveries -0.00004* -0.00006* -0.00005** -0.00007** -0.00007**
(0.00002) (0.00003) (0.00004) (0.00003) (0.00003)

Elective admissions 0.00000 0.00000 0.00000 0.00000* 0.00000*
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000)

Non-elective admissions 0.00000** 0.00000*** 0.00000** 0.00000*** 0.00000**
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000)

Type of Trust -0.00453* -0.00540** -0.00387 -0.00550** -0.00506**
(0.00251) (0.00234) (0.00263) (0.00253) (0.00242)

London Trust 0.0236*** 0.0211** -0.00092 -0.00114 -0.00745
(0.00850) (0.00985) (0.0126) (0.0141) (0.0158)

Foundation Trust -0.00859 -0.00770 -0.00473 -0.00455 -0.00449
(0.00559) (0.00547) (0.00562) (0.00541) (0.00532)

Cardiov. mortality -0.00074*** -0.00068*** -0.00100*** -0.00093*** -0.00064***
(0.00017) (0.00017) (0.00024) (0.00023) (0.00022)

Doctors per patient 0.182 0.245 0.228
(0.209) (0.209) (0.200)

Midwives per delivery -0.0116 -0.0191 -0.0204
(0.0229) (0.0225) (0.0225)

Ratio of anaesth. -0.232* -0.176 -0.196
(0.128) (0.129) (0.132)

Ratio of OBGYNs 0.174 0.0927 0.0864
(0.141) (0.144) (0.145)

Ratio of junior doctors -0.0215 -0.0317 -0.0315
(0.0454) (0.0461) (0.0464)

Deprivation 0.000730 0.000836 0.00104
(0.000765) (0.000777) (0.000790)

No education 0.00250 0.00200 0.00591**
(0.00179) (0.00185) (0.00241)

White (ethnicity) 0.111 0.362 1.032
(1.012) (1.051) (1.202)

Black (ethnicity) 0.379 0.663 1.521
(1.092) (1.146) (1.326)

Asian (ethnicity) 0.217 0.474 1.116
(1.064) (1.104) (1.254)

Mixed (ethnicity) 0.0437 0.264 0.000612
(1.677) (1.681) (1.798)

Mothers aged >35 0.466**
(0.228)

Perinatal mortality -0.00255
(0.00191)

R-squared 0.069 0.094 0.128 0.142 0.154
Observations 2,602 2,600 2,602 2,600 2,600
Hospitals 97 97 97 97 97

Notes: robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level.
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Table 1.22. Emergency C-sections: FE estimates with CDI infection rates as the measure of hospital
quality

Emergency C-section rate (1) (2) (3) (4) (5)

CDI infection rate 0.00001 0.00001 0.00001 0.00001 0.00001
(0.00006) (0.00006) (0.00006) (0.00006) (0.00006)

Monthly deliveries -0.00005* -0.00005 -0.00005* -0.00005 -0.00005
(0.00003) (0.00004) (0.00003) (0.00004) (0.00004)

Elective admissions 0.00000 0.00000 0.00000 0.00000 0.00000
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000)

Non-elective admissions 0.00000** 0.00000** 0.00000* 0.00000** 0.00000*
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000)

Cardiov. mortality -0.00110*** -0.00098*** -0.00097*** -0.00086** -0.00069**
(0.00027) (0.00027) (0.00033) (0.00033) (0.00033)

Doctors per patient 0.366 0.311 0.260
(0.276) (0.285) (0.279)

Midwives per delivery -0.00778 -0.00609 -0.00844
(0.0267) (0.0270) (0.0274)

Ratio of anaesth. -0.185 -0.225 -0.246
(0.151) (0.157) (0.161)

Ratio of OBGYNs -0.0102 -0.0379 -0.0248
(0.181) (0.176) (0.178)

Ratio of junior doctors -0.0652 -0.0598 -0.0570
(0.0605) (0.0604) (0.0608)

Deprivation -0.0107 -0.00960 -0.00382
(0.00928) (0.00924) (0.00941)

No education 0.0101 0.0106 0.0123
(0.0125) (0.0123) (0.0122)

White (ethnicity) 7.111 6.749 6.921
(7.492) (7.868) (7.896)

Black (ethnicity) 8.063 7.456 7.790
(7.855) (8.182) (8.218)

Asian (ethnicity) 7.373 6.970 7.179
(7.685) (8.091) (8.116)

Mixed (ethnicity) 3.594 3.123 2.971
(11.94) (12.44) (12.45)

Mothers aged >35 0.357
(0.287)

Perinatal mortality -0.00237
(0.00190)

R-squared 0.048 0.051 0.052 0.056 0.059
Observations 2,602 2,600 2,602 2,600 2,600
Hospitals 97 97 97 97 97

Notes: robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level.
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Table 1.23. Emergency C-sections: RE estimates with CDI infection rates as the measure of hospital
quality

Emergency C-section rate (1) (2) (3) (4) (5)

CDI infection rate 0.00001 0.00001 0.00002 0.00002 0.00002
(0.00006) (0.00006) (0.00006) (0.00006) (0.00006)

Monthly deliveries -0.00004* -0.00006* -0.00005** -0.00007** -0.00007**
(0.00002) (0.00003) (0.00002) (0.00003) (0.00003)

Elective admissions 0.00000 0.00000 0.00000 0.00000 0.00000*
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000)

Non-elective admissions 0.00000*** 0.00000*** 0.00000** 0.00000*** 0.00000**
(0.00000) (0.00000) (0.00000) (0.00000) (0.00000)

Type of Trust -0.00458* -0.00548** -0.00391 -0.00559** -0.00510**
(0.00251) (0.00234) (0.00262) (0.00250) (0.00239)

London Trust 0.0238*** 0.0210** -0.00077 -0.00092 -0.00722
(0.00859) (0.00991) (0.0126) (0.0142) (0.0160)

Foundation Trust -0.00837 -0.00741 -0.00455 -0.00435 -0.00446
(0.00560) (0.00549) (0.00562) (0.00542) (0.00532)

Cardiov. mortality -0.00076*** -0.00072*** -0.00103*** -0.00096*** -0.00064***
(0.00017) (0.00018) (0.00024) (0.00023) (0.00022)

Doctors per patient 0.182 0.246 0.227
(0.209) (0.209) (0.201)

Midwives per delivery -0.0106 -0.0185 -0.0201
(0.0227) (0.0224) (0.0224)

Ratio of anaesth. -0.226* -0.173 -0.197
(0.125) (0.127) (0.130)

Ratio of OBGYNs 0.177 0.0928 0.0839
(0.143) (0.145) (0.147)

Ratio of junior doctors -0.0232 -0.0327 -0.0319
(0.0458) (0.0468) (0.0470)

Deprivation 0.000763 0.000878 0.00105
(0.000742) (0.000756) (0.000767)

No education 0.00248 0.00197 0.00594**
(0.00176) (0.00184) (0.00243)

White (ethnicity) 0.196 0.458 1.080
(0.961) (1.029) (1.171)

Black (ethnicity) 0.480 0.775 1.578
(1.025) (1.112) (1.281)

Asian (ethnicity) 0.310 0.578 1.167
(1.008) (1.078) (1.219)

Mixed (ethnicity) 0.106 0.341 0.0299
(1.666) (1.694) (1.809)

Mothers aged >35 0.470**
(0.228)

Perinatal mortality -0.00256
(0.00191)

R-squared 0.067 0.090 0.127 0.141 0.153
Observations 2,602 2,600 2,602 2,600 2,600
Hospitals 97 97 97 97 97

Notes: robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level.
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Appendix 1.C Alternative measures of ward size

As discussed in Section 1.7.2, the use of ward size as one of the controls when the same

variable is also used as the denominator of the two outcome variables (i.e. the two C-section

rates) might introduce bias in the estimates. As a form of robustness, I report in the following

tables the main results when ward size is excluded from the set of controls. Results do not

vary substantially from those in the main analysis.

Table 1.24. No measure of ward size: FE and RE estimates for elective C-section rates

FE estimates (1) (2) (3) (4) (5)

Readmission rate 0.00329** 0.00284** 0.00250* 0.00226* 0.00237*
Observations 2,597 2,595 2,597 2,595 2,595
Hospitals 97 97 97 97 97

CDI infection rate 0.000147*** 0.000150*** 0.000146*** 0.000151*** 0.000149***
Observations 2,597 2,595 2,597 2,595 2,595
Hospitals 97 97 97 97 97

RE estimates (1) (2) (3) (4) (5)

Readmission rate 0.00315** 0.00282** 0.00318** 0.00287** 0.00263**
Observations 2,597 2,595 2,597 2,595 2,595
Hospitals 97 97 97 97 97

CDI infection rate 0.000147*** 0.000149*** 0.000148*** 0.000150*** 0.000151***
Observations 2,597 2,595 2,597 2,595 2,595
Hospitals 97 97 97 97 97

Notes: Pooled OLS regression estimates of elective C-section rates on hospital quality (measured with either readmission or CDI infection
rates) controlling for Trust fixed or random effects. The control variable for ward size has been omitted from all specifications. Specifications
1 to 5 vary in terms of the controls used, as described in Section 1.5. All specifications include seasonal dummies. Robust standard errors in
parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level. Data sources: NHS and GOV.UK for Trust-level
information, ONS and GOV.UK for Local Authority-level information.
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Table 1.25. No measure of ward size: FE and RE estimates for emergency C-section rates

FE estimates (1) (2) (3) (4) (5)

Readmission rate 0.000476 0.000154 -0.000206 -0.000381 -0.000736
Observations 2,602 2,600 2,602 2,600 2,600
Hospitals 97 97 97 97 97

CDI infection rate 0.00001 0.00001 0.00001 0.00001 0.00002
Observations 2,602 2,600 2,602 2,600 2,600
Hospitals 97 97 97 97 97

RE estimates (1) (2) (3) (4) (5)

Readmission rate 0.00123 0.00118 0.000924 0.000851 0.000270
Observations 2,602 2,600 2,602 2,600 2,600
Hospitals 97 97 97 97 97

CDI infection rate 0.00001 0.00001 0.00001 0.00002 0.00002
Observations 2,602 2,600 2,602 2,600 2,600
Hospitals 97 97 97 97 97

Notes: Pooled OLS regression estimates of emergency C-section rates on hospital quality (measured with either readmission or CDI infection
rates) controlling for Trust fixed or random effects. The control variable for ward size has been omitted from all specifications. Specifications
1 to 5 vary in terms of the controls used, as described in Section 1.5. All specifications include seasonal dummies. Robust standard errors in
parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level. Data sources: NHS and GOV.UK for Trust-level
information, ONS and GOV.UK for Local Authority-level information.

Given that there is reason to believe that ward size cannot be ignored as a control because

delivery volume affects the quality of obstetric care (Bozzuto et al., 2019; Stöcker et al., 2025),

in the following tables instead I present results when using an alternative measure of ward

size: namely, a categorical variable that classifies Trusts by terciles of the annual average

number of deliveries in a month. Using these terciles, Trusts are classified as being either

small, medium, or large. Again, results are largely in line with those in the main analysis.
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Table 1.26. Alternative measure of ward size: FE and RE estimates for elective C-section rates

FE estimates (1) (2) (3) (4) (5)

Readmission rate 0.00329** 0.00284** 0.00250* 0.00226* 0.00237*
Observations 2,597 2,595 2,597 2,595 2,595
Hospitals 97 97 97 97 97

CDI infection rate 0.000147*** 0.000150*** 0.000146*** 0.000151*** 0.000149***
Observations 2,597 2,595 2,597 2,595 2,595
Hospitals 97 97 97 97 97

RE estimates (1) (2) (3) (4) (5)

Readmission rate 0.00319** 0.00284** 0.00316** 0.00284** 0.00262**
Observations 2,597 2,595 2,597 2,595 2,595
Hospitals 97 97 97 97 97

CDI infection rate 0.000145*** 0.000147*** 0.000148*** 0.000149*** 0.000151***
Observations 2,597 2,595 2,597 2,595 2,595
Hospitals 97 97 97 97 97

Notes: Pooled OLS regression estimates of elective C-section rates on hospital quality (measured with either readmission or CDI infection
rates) controlling for Trust fixed or random effects. The control variable for ward size is categorical and classifies Trusts by ward size terciles.
Specifications 1 to 5 vary in terms of the controls used, as described in Section 1.5. All specifications include seasonal dummies. Robust
standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level. Data sources: NHS and
GOV.UK for Trust-level information, ONS and GOV.UK for Local Authority-level information.
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Table 1.27. Alternative measure of ward size: FE and RE estimates for emergency C-section rates

FE estimates (1) (2) (3) (4) (5)

Readmission rate 0.000476 0.000154 -0.000206 -0.000381 -0.000736
Observations 2,602 2,600 2,602 2,600 2,600
Hospitals 97 97 97 97 97

CDI infection rate 0.00001 0.00001 0.00001 0.00001 0.00002
Observations 2,602 2,600 2,602 2,600 2,600
Hospitals 97 97 97 97 97

RE estimates (1) (2) (3) (4) (5)

Readmission rate 0.00123 0.00118 0.000905 0.000837 0.000269
Observations 2,602 2,600 2,602 2,600 2,600
Hospitals 97 97 97 97 97

CDI infection rate 0.00001 0.00001 0.00001 0.00002 0.00002
Observations 2,602 2,600 2,602 2,600 2,600
Hospitals 97 97 97 97 97

Notes: Pooled OLS regression estimates of emergency C-section rates on hospital quality (measured with either readmission or CDI infection
rates) controlling for Trust fixed or random effects. The control variable for ward size is categorical and classifies Trusts by ward size terciles.
Specifications 1 to 5 vary in terms of the controls used, as described in Section 1.5. All specifications include seasonal dummies. Robust
standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level. Data sources: NHS and
GOV.UK for Trust-level information, ONS and GOV.UK for Local Authority-level information.
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Appendix 1.D Heterogeneity analysis

I report here results for several heterogeneity analyses, as anticipated in Section 1.7.3: other

than results for emergency C-section rates to complete the aforementioned analyses by de-

privation and maternity ward size, I also present (for either outcome) results of heterogeneity

analyses conducted by splitting the sample by median Trust-level cardiovascular mortality

rate, and by median doctor-to-patient ratio.

By deprivation

Table 1.28. Heterogeneity analysis by deprivation: FE estimates for emergency C-section rates

Deprivation above median (1) (2) (3) (4) (5)

Readmission rate -0.00336* -0.00312* -0.00362* -0.00344* -0.00377**
Observations 1,308 1,306 1,308 1,306 1,306
Hospitals 48 48 48 48 48

CDI infection rate 0.00002 0.00003 0.00001 0.00002 0.00002
Observations 1,308 1,306 1,308 1,306 1,306
Hospitals 48 48 48 48 48

Deprivation below median (1) (2) (3) (4) (5)

Readmission rate 0.00161 0.00100 0.00228 0.00164 0.000934
Observations 1,294 1,294 1,294 1,294 1,294
Hospitals 49 49 49 49 49

CDI infection rate -0.00000 -0.00003 -0.00000 -0.00003 -0.00002
Observations 1,294 1,294 1,294 1,294 1,294
Hospitals 49 49 49 49 49

Notes: robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level.
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Table 1.29. Heterogeneity analysis by deprivation: RE estimates for emergency C-section rates

Deprivation above median (1) (2) (3) (4) (5)

Readmission rate -0.00251* -0.00219 -0.00310* -0.00292* -0.00340**
Observations 1,308 1,306 1,308 1,306 1,306
Hospitals 48 48 48 48 48

CDI infection rate 0.00001 0.00002 0.00002 0.00003 0.00003
Observations 1,308 1,306 1,308 1,306 1,306
Hospitals 48 48 48 48 48

Deprivation below median (1) (2) (3) (4) (5)

Readmission rate 0.00190 0.00219 0.00203 0.00222 0.00178
Observations 1,294 1,294 1,294 1,294 1,294
Hospitals 49 49 49 49 49

CDI infection rate 0.00000 0.00001 0.00000 0.00000 0.00000
Observations 1,294 1,294 1,294 1,294 1,294
Hospitals 49 49 49 49 49

Notes: robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level.
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By maternity ward size

Table 1.30. Heterogeneity analysis by maternity ward size: FE estimates for emergency C-section
rates

Tot. deliveries above median (1) (2) (3) (4) (5)

Readmission rate 0.00318 0.00267 0.00285 0.00239 0.00173
Observations 1,311 1,309 1,311 1,309 1,309
Hospitals 48 48 48 48 48

CDI infection rate 0.00005 0.00004 0.00005 0.00004 0.00005
Observations 1,311 1,309 1,311 1,309 1,309
Hospitals 48 48 48 48 48

Tot. deliveries below median (1) (2) (3) (4) (5)

Readmission rate -0.00157 -0.00150 -0.00228 -0.00200 -0.00215
Observations 1,291 1,291 1,291 1,291 1,291
Hospitals 49 49 49 49 49

CDI infection rate -0.00002 -0.00001 -0.00002 -0.00001 -0.00001
Observations 1,291 1,291 1,291 1,291 1,291
Hospitals 49 49 49 49 49

Table 1.31. Heterogeneity analysis by maternity ward size: RE estimates for emergency C-section
rates

Tot. deliveries above median (1) (2) (3) (4) (5)

Readmission rate 0.00404 0.00375 0.00303 0.00278 0.00227
Observations 1,311 1,309 1,311 1,309 1,309
Hospitals 48 48 48 48 48

CDI infection rate 0.00004 0.00003 0.00005 0.00005 0.00005
Observations 1,311 1,309 1,311 1,309 1,309
Hospitals 48 48 48 48 48

Tot. deliveries below median (1) (2) (3) (4) (5)

Readmission rate -0.00082 -0.00042 -0.00084 -0.00049 -0.00093
Observations 1,291 1,291 1,291 1,291 1,291
Hospitals 49 49 49 49 49

CDI infection rate -0.00001 -0.00001 -0.00001 -0.00000 -0.00000
Observations 1,291 1,291 1,291 1,291 1,291
Hospitals 49 49 49 49 49

Notes: robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level.
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By cardiovascular mortality rate

Table 1.32. Heterogeneity analysis by cardiovascular mortality rate: FE estimates for elective C-section
rates

Cardiov. mort. above median (1) (2) (3) (4) (5)

Readmission rate 0.00347** 0.00280* 0.00168 0.00152 0.00154
Observations 1,313 1,311 1,313 1,311 1,311
Hospitals 47 47 47 47 47

CDI infection rate 0.00024*** 0.00025*** 0.00024*** 0.00024*** 0.00024***
Observations 1,313 1,311 1,313 1,311 1,311
Hospitals 47 47 47 47 47

Cardiov. mort. below median (1) (2) (3) (4) (5)

Readmission rate 0.00469** 0.00393** 0.00330* 0.00261 0.00276
Observations 1,284 1,284 1,284 1,284 1,284
Hospitals 50 50 50 50 50

CDI infection rate 0.00003 0.00004 0.00005 0.00006 0.00006
Observations 1,284 1,284 1,284 1,284 1,284
Hospitals 50 50 50 50 50

Table 1.33. Heterogeneity analysis by cardiovascular mortality rate: RE estimates for elective C-section
rates

Cardiov. mort. above median (1) (2) (3) (4) (5)

Readmission rate 0.00305** 0.00276** 0.00306** 0.00281** 0.00203
Observations 1,313 1,311 1,313 1,311 1,311
Hospitals 47 47 47 47 47

CDI infection rate 0.00024*** 0.00024*** 0.00024*** 0.00024*** 0.00024***
Observations 1,313 1,311 1,313 1,311 1,311
Hospitals 47 47 47 47 47

Cardiov. mort. below median (1) (2) (3) (4) (5)

Readmission rate 0.00438** 0.00429** 0.00432** 0.00403** 0.00340*
Observations 1,284 1,284 1,284 1,284 1,284
Hospitals 50 50 50 50 50

CDI infection rate 0.00004 0.00004 0.00004 0.00004 0.00005
Observations 1,284 1,284 1,284 1,284 1,284
Hospitals 50 50 50 50 50

Notes: robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level.
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Table 1.34. Heterogeneity analysis by cardiovascular mortality rate: FE estimates for emergency
C-section rates

Cardiov. mort. above median (1) (2) (3) (4) (5)

Readmission rate -0.000823 -0.00104 -0.00289 -0.00248 -0.00305
Observations 1,313 1,311 1,313 1,311 1,311
Hospitals 47 47 47 47 47

CDI infection rate 0.00008 0.00009 0.00007 0.00008 0.00009
Observations 1,313 1,311 1,313 1,311 1,311
Hospitals 47 47 47 47 47

Cardiov. mort. below median (1) (2) (3) (4) (5)

Readmission rate 0.00357 0.00329 0.00233 0.00228 0.00174
Observations 1,289 1,289 1,289 1,289 1,289
Hospitals 50 50 50 50 50

CDI infection rate -0.00010 -0.00010 -0.00009 -0.00009 -0.00009
Observations 1,289 1,289 1,289 1,289 1,289
Hospitals 50 50 50 50 50

Table 1.35. Heterogeneity analysis by cardiovascular mortality rate: RE estimates for emergency
C-section rates

Cardiov. mort. above median (1) (2) (3) (4) (5)

Readmission rate -0.00039 -0.00059 -0.00068 -0.00091 -0.00269
Observations 1,313 1,311 1,313 1,311 1,311
Hospitals 47 47 47 47 47

CDI infection rate 0.00008 0.00009 0.00008 0.00009 0.00010
Observations 1,313 1,311 1,313 1,311 1,311
Hospitals 47 47 47 47 47

Cardiov. mort. below median (1) (2) (3) (4) (5)

Readmission rate 0.00356 0.00335 0.00428 0.00441 0.00360
Observations 1,289 1,289 1,289 1,289 1,289
Hospitals 50 50 50 50 50

CDI infection rate -0.00011 -0.00011 -0.00011 -0.00011 -0.00011
Observations 1,289 1,289 1,289 1,289 1,289
Hospitals 50 50 50 50 50

Notes: robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level.
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By doctor-to-patient ratio

Table 1.36. Heterogeneity analysis by doctor-to-patient ratio: FE estimates for elective C-section rates

Doctors per pt. above median (1) (2) (3) (4) (5)

Readmission rate 0.00194 0.00190 0.00184 0.00175 0.00163
Observations 1,306 1,306 1,306 1,306 1,306
Hospitals 49 49 49 49 49

CDI infection rate 0.00013** 0.00013** 0.00012* 0.00012* 0.00012*
Observations 1,306 1,306 1,306 1,306 1,306
Hospitals 49 49 49 49 49

Doctors per pt. below median (1) (2) (3) (4) (5)

Readmission rate 0.00374* 0.00369* 0.00254 0.00226 0.00214
Observations 1,291 1,291 1,291 1,291 1,291
Hospitals 48 48 48 48 48

CDI infection rate 0.00017** 0.00017** 0.00019** 0.00019** 0.00019**
Observations 1,291 1,291 1,291 1,291 1,291
Hospitals 48 48 48 48 48

Table 1.37. Heterogeneity analysis by doctor-to-patient ratio: RE estimates for elective C-section rates

Doctors per pt. above median (1) (2) (3) (4) (5)

Readmission rate 0.00099 0.00083 0.00134 0.00114 0.00069
Observations 1,306 1,306 1,306 1,306 1,306
Hospitals 49 49 49 49 49

CDI infection rate 0.00014** 0.00014** 0.00014** 0.00014** 0.00014**
Observations 1,306 1,306 1,306 1,306 1,306
Hospitals 49 49 49 49 49

Doctors per pt. below median (1) (2) (3) (4) (5)

Readmission rate 0.00390** 0.00367** 0.00354* 0.00328* 0.00319*
Observations 1,291 1,291 1,291 1,291 1,291
Hospitals 48 48 48 48 48

CDI infection rate 0.00016** 0.00016** 0.00017** 0.00017** 0.00017**
Observations 1,291 1,291 1,291 1,291 1,291
Hospitals 48 48 48 48 48

Notes: robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level.
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Table 1.38. Heterogeneity analysis by doctor-to-patient ratio: FE estimates for emergency C-section
rates

Doctors per pt. above median (1) (2) (3) (4) (5)

Readmission rate 0.00274 0.00230 0.00240 0.00209 0.00142
Observations 1,306 1,306 1,306 1,306 1,306
Hospitals 49 49 49 49 49

CDI infection rate 0.00009 0.00010 0.00008 0.00008 0.00008
Observations 1,306 1,306 1,306 1,306 1,306
Hospitals 49 49 49 49 49

Doctors per pt. below median (1) (2) (3) (4) (5)

Readmission rate -0.00240 -0.00213 -0.00286 -0.00266 -0.00248
Observations 1,296 1,296 1,296 1,296 1,296
Hospitals 48 48 48 48 48

CDI infection rate -0.00008 -0.00007 -0.00008 -0.00007 -0.00007
Observations 1,296 1,296 1,296 1,296 1,296
Hospitals 48 48 48 48 48

Table 1.39. Heterogeneity analysis by doctor-to-patient ratio: RE estimates for emergency C-section
rates

Doctors per pt. above median (1) (2) (3) (4) (5)

Readmission rate 0.00318 0.00284 0.00287 0.00255 0.00194
Observations 1,306 1,306 1,306 1,306 1,306
Hospitals 49 49 49 49 49

CDI infection rate 0.00009 0.00009 0.00010 0.00010 0.00010
Observations 1,306 1,306 1,306 1,306 1,306
Hospitals 49 49 49 49 49

Doctors per pt. below median (1) (2) (3) (4) (5)

Readmission rate -0.00093 -0.00065 -0.00158 -0.00144 -0.00148
Observations 1,296 1,296 1,296 1,296 1,296
Hospitals 48 48 48 48 48

CDI infection rate -0.00008 -0.00007 -0.00007 -0.00006 -0.00006
Observations 1,296 1,296 1,296 1,296 1,296
Hospitals 48 48 48 48 48

Notes: robust standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the Trust level.
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Chapter 2

Mode of delivery and longer-term child outcomes:
Evidence from the United Kingdom

Angelica Guzzon

Abstract

Caesarean sections are on the rise worldwide, and while their impact on maternal outcomes
has been well-studied, it is still less clear what long-term consequences caesarean sections
have on children. I investigate the effect of an emergency (i.e. not planned) caesarean delivery
on the child’s outcomes 9 months after birth and in the longer run, up to 11 years of age. I
exploit data on 5,004 first-time mothers and their children from the Millennium Cohort Study,
a longitudinal survey of the 2000/2001 birth cohort in the United Kingdom. To address endo-
geneity I employ an instrumental variable approach that leverages the exogenous variation in
the position of the baby in utero – feet-first (breech) versus head-first – at the time of birth,
together with hospital and month of birth fixed effects. I find no evidence of a negative impact
of C-sections on child health, and a negative impact on cognitive and non-cognitive outcomes.
Using survey data on maternal investments and breastfeeding I offer some suggestive evidence
of the potential mechanisms at play.

JEL codes: I12, I18, J13
Keywords: caesarean sections, child outcomes, child health, instrumental variables, Millen-
nium Cohort Study



2.1 Introduction

Caesarean sections (more succintly C-sections) are one of the most commonly performed

medical procedures worldwide, and C-section rates are rising in most countries; currently

one in 5 births is a C-section, and by 2030 one in 3 births will be a C-section (WHO, 2021).

Although they are essential and potentially life-saving procedures, this is a worrisome trend

because they are also riskier, more invasive, and costlier when compared to vaginal births

(Sandall et al., 2018). For example, the medical literature links them to maternal complications

and morbidity (Gregory et al., 2012).

In recent times the economics literature has shown an interest on the topic, and there is

now growing evidence of a causal impact of C-sections on women’s outcomes. C-sections have

been shown to be detrimental to the physical (V. M. Jensen & Wust, 2015) and mental health

(Tonei, 2019) of mothers. In addition, they have an impact on the labour supply decisions of

women (Halla et al., 2020), and on subsequent fertility (Norberg & Pantano, 2015; Halla et

al., 2020).

In the past few years, there has been an interest also with respect to the potential impact

of C-sections on children. The medical literature notes potential links – in the medium- to

long-term – with immune health (asthma, eczema, etc.), increased rates of obesity in children,

and cognitive and non-cognitive outcomes (Sandall et al., 2018; Polidano et al., 2017; Curran

et al., 2017).

Some recent articles in the economics literature provide some evidence of a causal impact

of C-sections on children. Currie and MacLeod (2008) looks at the causal impact of tort

reforms in the United States, and find no impact of C-sections on Apgar scores1 or mortality

rates. V. M. Jensen and Wust (2015) instead exploit administrative data from Denmark in a

Regression Discontinuity Design (before and after the publication of a seminal randomised

controlled trial, the Term Breech Trial, by Hannah et al. (2000), on one of the clinical indications

1A baby’s health is quickly evaluated within 5 minutes after birth, using a checklist that assigns a total score
of 1 to 10 (the higher the score, the better the baby is doing after birth).
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for C-sections); they find evidence of a beneficial impact of C-sections on at-risk babies, who

had higher Apgar scores compared to their counterparts. DeCicca et al. (2024) look at the same

population of at-risk babies (with birth certificate records for the United States) but instead

analyse the scientific re-evaluation of the aforementioned trial, and they find no significant

impact on infant health. Costa-Ramón et al. (2018) exploit the variation in the probability of

receiving a C-section by time of day using individual records from a sample of public hospitals

in Spain, and they find C-section babies have lower Apgar scores. Card et al. (2023) instrument

C-sections with relative distance from home to hospitals with high and low C-section rates, and

find improved infant health and lower mortality, but also an increase in respiratory problems.

With respect to longer-term outcomes, Costa-Ramón et al. (2022) use Finnish administra-

tive data and variation by time of day to look at long-term health outcomes up to 15 years of

age, and they find evidence of a negative impact of C-sections in terms of asthma diagnoses.

Muhlrad (2022) instead uses the same strategy as V. M. Jensen and Wust (2015) to look at

health outcomes up to 10 years of age, and she finds in Sweden reduced levels of healthcare

use during childhood.

A first exploration of the causal impact of C-sections on cognitive outcomes is in a recent

article by Rogvi et al. (2024), who use administrative data for Denmark, Sweden and Norway

– and the same empirical strategy as V. M. Jensen and Wust (2015) – to study the impact of a

C-section delivery on cognition in adolescence, as measured by school results (GPA scores); in

addition, they provide further evidence on health outcomes at ages 0-12. They find a positive

impact of C-sections on some health outcomes (e.g. hospitalisations) for marginal at-risk

children, but no statistically significant results on cognition. To the best of my knowledge,

there is still no causal evidence on the impact of C-sections on the non-cognitive development

in children.

There are several mechanisms through which C-sections can affect child outcomes. First of

all, delivery via C-section is beneficial for those babies who would suffer from a longer natural

birth (V. M. Jensen & Wust, 2015; Muhlrad, 2022), therefore children born through C-sections

75



could have better health outcomes through the avoidance of prolonged labors (Card et al.,

2023). The so-called “hygiene hypothesis” (Neu & Rushing, 2011) instead postulates that

exposure – during natural birth – to microorganisms and bacteria strengthens the child’s im-

mune system, which would imply children born through C-sections could face worse immune

health. As mentioned earlier, we know that C-sections can have an impact on the mother’s

return to work and fertility; specifically, unplanned C-sections decrease subsequent fertility,

and this translates into higher maternal employment (Halla et al., 2020). This could have a

possible effect (on either direction) on child outcomes. C-sections have a detrimental effect

on mothers’ mental health (Tonei, 2019), which is strictly linked to child health (Propper et

al., 2007); this could lead to a potential negative effect on children outcomes through changes

in maternal investments. In addition, it is known that receiving a C-section reduces the prob-

ability of breastfeeding (Denny & Doyle, 2010; Hobbs et al., 2016; Rowe-Murray & Fisher,

2002), which has been shown to have a positive impact on the cognitive outcomes of children

(Borra et al., 2012; Fitzsimons & Vera-Hernández, 2022; Khudri & Hussey, 2024; Rothstein,

2013). With respect to non-cognitive outcomes, maternal post-partum depression and mater-

nal post-traumatic stress disordes have been proposed by the medical literature as potential

mediating factors in the association between C-section delivery (particularly emergency ones)

and behavioural issues in children (Grisbrook et al., 2024).

In this paper, I investigate the impact mode of delivery has on children’s long-term health,

cognitive and non-cognitive outcomes up to 11 years of age, to extend the existing evidence

on children’s health outcomes and cognition, and to provide a first exploration of the potential

impact of C-sections on non-cognitive outcomes.

To do so I rely on high quality survey data from the United Kingdom, namely the Millen-

nium Cohort Study – a longitudinal survey that follows the 2000/2001 birth cohort. The use

of survey data for the United Kingdom can add additional insights to the existing literature.

As seen above, the majority of published studies rely on administrative data for Scandina-

vian countries. The United Kingdom – although belonging to the general notion of “Northern
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Europe”2 – differs in several ways from Scandinavian countries: its population is more di-

verse, while inequalities are higher3 and social mobility is lower4. In addition, despite its

unquestionable strengths, overreliance on administrative data inhibits the exploration of the

potential mechanisms through which mode of delivery can affect children. In this analysis, I

exploit the information available on parental inputs to provide some suggestive evidence on

the mechanisms at play.

To address the endogeneity of mode of delivery, I employ an instrumental variable ap-

proach, using the instrument first proposed by Tonei (2019): the exogenous variation in the

position of the baby at birth. In this way, I find no evidence of a negative impact of C-sections

on child health, no clear evidence of an impact on non-cognitive development, and instead a

possible heterogeneous effect on cognitive outcomes.

In addition, I perform a heterogeneity analysis by sex, justified by the fact that boys and

girls are susceptible to adverse early-life conditions to different extents (Autor et al., 2023);

the quantity and type of parental inputs are also known to differ between genders (Del Bono

et al., 2021). I find preliminary evidence of a differential impact by sex. I also perform a

heterogeneity analysis by level of maternal education, which suggests the presence of a socio-

economic gradient in the effects of mode of delivery.

Despite the fact that the estimation strategy requires a zoom-in on emergency C-sections

alone, which is usually not the margin that is called into question when there is concern for

the inappropriateness of maternal care provision, results can be informative with respect to

the effectiveness of the antenatal care pathway in the United Kingdom. Moreover, a better

understanding of the mechanisms through which C-sections can affect children’s outcomes

can help the policy-maker prioritise those early-life interventions that are more likely to

produce results.

2According to the United Nations definition, Northern Europe comprises the following countries: Denmark,
Estonia, Finland, Iceland, Ireland, Latvia, Lithuania, Norway, Sweden, and the United Kingdom.

3In 2021 the United Kingdom had a Gini index (World Bank, 2024) of 32.4 (“medium inequality”), compared
to Denmark’s 28.3 (“low inequality”).

4According to the Social Mobility Index for 2020 (WEF), the United Kingdom ranks 21st in the world while
Scandinavian countries occupy the first five positions.

77



The rest of the paper is organised as follows. Section 2.2 provides details on the setting and

the institutional framework. Section 2.3 presents the data, while in Section 2.4 I describe the

empirical strategy. Section 2.5 provides details on the sample being analysed, while Section 2.6

describes the main results and the robustness analysis. In Section 2.7 I discuss the results and

conclude.

2.2 Institutional framework

According to a recent report (Minnis & Pollard, 2023), the health and well-being of children in

the UK is deteriorating. In particular, in the past few years there has been an increase in infant

mortality that has disproportionately affected the poorest areas of the country; in addition,

demand for children’s mental health services is on the rise, as is the number of children who

are overweight or obese, and one 2-year-old out of five is not able to meet the learning goals

set out for their age band. Considering the crucial importance of the conditions during early life

to health and well-being in childhood, adolescence and even adult life (Currie & Rossin-Slater,

2014), the cost to society of not addressing these issues has been estimated to be over £ 16

billion every year (Minnis & Pollard, 2023).

Moreover, a recent investigation on the performance of the NHS found it to be in “critical

conditions” after the shortfall in government spending over the past couple of decades, and

singled out maternity and perinatal care as an area of particular concern (Darzi, 2024). In

the same time span, caesarean sections in England have risen at an annual rate of 4.6%

(NHS Digital, n.d.-e). For these reasons the UK represents a prime setting to investigate the

determinants of children’s health and well-being.

In terms of institutional framework, maternity care in England is free to all who ordinarily

reside in the UK, no matter their citizenship or immigration status (Feldman, 2021). NHS

guidelines recommend that antenatal care be started as soon as possible, ideally within the

first eight weeks of pregnancy. The first contact is usually with the personal GP or a local

midwife service, whose role is to schedule the subsequent antenatal appointments covered
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by the NHS. If no other medical condition is present, a first-time mother can expect up to ten

antenatal appointments (fewer than ten for those who have given birth before). Among these,

women receive at least two ultrasound scans: a dating scan in the first trimester and one at

20 weeks of gestation.

Mothers are free to choose where to give birth, after the obstetrician or midwife have

described to the patient the options available depending on the risk profile of a pregnancy

(NHS, n.d.-c). The vast majority of births – 97% of registered births in England – occurs in NHS

hospitals or care facilities. The remaining 3% comprises births occurring in private hospitals, at

home, or anywhere else (Reader, 2023). In 2013 only 0.4% of births were in private hospitals

(National Audit Office, 2013), and at 2.4% (in 2020) home births are relatively uncommon

(Bradford, 2022).

According to National Institute for Health and Care Excellence (NICE)5 guidelines (2021),

the choice of mode of delivery should be based on maternal and fetal risk factors. Birth can

occur either via a vaginal delivery – assisted or unassisted – or a C-section. C-sections can

be either scheduled6 or emergency7. Although the mother is informed at all steps, choice of

mode of delivery is ultimately made by the obstetrician based on clinical risk factors (i.e. there

is little to no scope for maternal-request C-sections without a medical indication).

One of the indications for a C-section is the breech presentation of a fetus at term.

Normally, a fetus by the 37th gestational week assumes a vertex (or cephalic) presentation, i.e.

a longitudinal lie with the head of the fetus being closest to the birth canal (RCOG, 2017b). In

around 3-4% pregnancies at term, the baby doesn’t assume the vertex position but is instead

in a breech presentation, i.e. with the feet or legs closest to the birth canal instead of the

head (see also Figure 2.1). Breech babies face an elevated risk of complications during vaginal

births because they are more likely to suffer from oxygen deficiency and injuries, therefore

5The Institute provides evidence-based guidance on appropriate diagnosis and care pathways for people with
specific diseases and conditions in the NHS of England and Wales.

6Scheduled or planned C-sections are C-sections that are recommended upfront by healthcare professionals
for clinical reasons, or – to a lesser extent – explicitly chosen by the patient.

7Emergency C-sections are unplanned and performed when complications arise during labour and a vaginal
birth is no longer viable.
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the medical literature (Hannah et al., 2000) and guidelines (RCOG, 2017b) alike indicate

C-sections to be the best course of action for the delivery of breech babies8.

Towards the end of the pregnancy, if a baby is detected to be breech, mothers are offered

an External Cephalic Version (ECV) to correct its position; this is a non-invasive procedure

performed by a trained gynecologist in a controlled setting (e.g. as an outpatient procedure

in hospital). The success rate is 40% in first-time mothers (RCOG, 2017a). If the ECV is

successful, the mode of delivery will likely be vaginal; if not, a C-section is indicated. In the

UK, 96% of “persistent” breech babies are born via C-section (NHS Digital, 2019), and 30%

of breech babies are detected only at birth (RCOG, 2017b). Information on having or not

received an ECV is not present in the MCS dataset.

According to the medical literature, mothers are unable to affect the position of their baby

with their behaviour (Impey et al., 2017). Implications of breech position with respect to the

assumptions required by the instrumental variable approach followed are further discussed in

Section 2.4.1.

Figure 2.1. Diagram showing the difference between vertex and breech presentation.

8Some studies, e.g. Kotaska (2004), have since noted some flaws regarding the way the Term Breech Trial
was conducted. This said, national guidelines in most developed countries still err on the side of caution and
recommend a C-section be performed in case of breech position: as of 2015, in Europe the median rate for a
C-section birth in case of a non-vertex position was 89% (Euro-Peristat, 2018).
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2.3 Data

I use data from the Millennium Cohort Study (MCS), a longitudinal survey of a representative

sample of the 2000/2001 birth cohort in the United Kingdom (UCL Institute of Education,

2023). The study follows approximately 19,000 individuals from birth to adulthood, and

covers diverse topics such as health, development, educational attainment, and parenting

behaviours. In particular, I use data from the first five MCS sweeps, which track the study

members’ profiles at age 9 months, and at 3, 5, 7, and 11 years.

From the parents’ questionnaires of the first MCS sweep – carried out when the cohort

members were around 9 months of age – I derive background information on mothers and

families, on the pregnancy and birth, and finally on the health and development of the baby.

From the subsequent MCS sweeps I obtain instead information on the cohort children’s health

status, healthcare utilisation, and non-cognitive development. In addition, I have access to the

scores of the cognitive tests that the MCS interviewers administered to the cohort children at

age 3, 5, 7, and 11.

2.3.1 Dependent variables

Dependent variables include children’s health, cognition, and non-cognitive development. In

terms of health outcomes, at all sweeps the MCS questionnaire includes information on hos-

pital admissions9, which are used to create a binary indicator that takes value 1 if the child

has been hospitalised at least once, and 0 otherwise. From age 3 onwards the MCS question-

naire includes questions on whether the child has any long-standing health condition, and

whether the child has ever been diagnosed with asthma, hay fever, eczema, chest wheezing,

and allergies10. I use this information to create binary indicator variables that take value 1 if

the child has experienced the health event at issue, and 0 otherwise. In all MCS sweeps from

9Hospital admissions are counted only if related to an illness or health problem, excluding admissions for
injuries.

10Information on allergies is present only in some MCS sweeps.
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age 3 onwards there is also information on the child’s height and weight – as measured by

trained interviewers – making it possible to calculate a sex- and age-standardised body mass

index (BMI) using growth charts (Sweeting, 2007); I use this information to build a binary

variable that takes value 1 if the child is overweight, and 0 otherwise. In addition, at all sweeps

the cohort member mothers are asked to evaluate the child’s general level of health using a

5-point Likert scale11, and I use this information to build a binary indicator to mark cohort

members whose health levels are evaluated as being relatively poor (classifying as 1 those

with a “fair” or “poor” health level, and 0 otherwise).

With respect to cognitive development, from age 3 onwards MCS sweeps contain at

least one (age-appropriate) measurement of cognitive abilities. At age 3 member cohorts are

administered the Bracken School Readiness assessment12 and the British Ability Scales (BAS)

Vocabulary test. At age 5 three other BAS tests are administered: Vocabulary, Pattern Similarity,

and Picture Recognition. At age 7 the children are tested with respect to their reading and

math skills, and their spatial and problem-solving abilities are again tested with the BAS Pattern

Similarity assessment. At age 11 instead they are administered the BAS Verbal abilities test.

In terms of non-cognitive development, MCS sweeps from age 3 onwards contain questions

from the Strengths and Difficulties Questionnaire (SDQ) (R. Goodman, 1997), commonly used

to measure behavioural and emotional difficulties in children and adolescents. At age 3 and

5 only the parent version of the scale is available; from age 7 onwards instead teachers are

also asked to evaluate the cohort member according to the SDQ questionnaire. Both the

parent- and the teacher-rated SDQ consists of 25 statements that are evaluated on a 3-point

Likert scale13. The SDQ score can range between 0 and 40. Although not entirely immune to

reporting bias – especially from parents, who tend to overreport behavioural issues (Murray et

al., 2021b) – SDQ scores are a robust measure of mental health in children particularly when

reports from multiple sources are available (Stone et al., 2010), as is the case in MCS.

11The scale had the following options, from best to worst: “Excellent”, “Very good”, “Good”, “Fair”, and
“Poor”.

12This test determines if a child is ready for school.
13“Not true”, “Somewhat true”, and “Certainly true”.
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Other than considering the aforementioned outcomes on their own, I compute domain-

specific and domain-and-age-specific summary measures following Anderson (2008), who

proposes a summary index that uses a Generalized Least Squares (GLS) weighting procedure.

The aim of this index is to increase efficiency and have an outcome that is less noisy compared

to individual variables (Schwab et al., 2020); this is achieved by assigning small weights to

highly correlated indicators and viceversa.

2.3.2 Independent variable and instrument

Our main independent variable is mode of delivery. Information on mode of delivery is

recovered from the first MCS sweep, where mothers are asked about the circumstances of the

pregnancy and delivery with an interview occurring approximately 9 months after the birth of

the cohort baby. In particular, mothers are asked about the type of delivery they had14, and

up to three different modes of delivery are recorded for each birth. The vast majority (> 96%)

report only one mode of delivery, making codification straightforward; in case of multiple

modes being listed, C-section was chosen as the main mode of delivery if listed together

with a non-surgical alternative – with emergency C-section trumping over planned C-section

in case of such a conflict. Ultimately, in my sample mode of birth is classified into three

mutually exclusive categories: vaginal delivery (including all types of instrumental deliveries),

emergency C-section, and planned C-section.

Information on breech presentation is likewise recovered from the first MCS sweep, where

mothers are asked about any complications that occurred during the birth; possible options

include breech presentation (i.e. the baby being “feet first”), and other abnormal positions

such as “shoulders first” or “occipitoposterior”. Using this information, I define a binary

variable that takes value 1 if the baby was in the breech position (“feet first” only), and 0

otherwise. Abnormal positions other than breech are excluded because they are less likely to

lead to a C-section birth (RCOG, 2017b).

14The possible choices being “normal delivery”, “assisted with forceps”, “assisted with vacuum extraction”,
“assisted breech”, “planned C-section”, “emergency C-section”, and “other”.
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2.3.3 Control variables

Control variables include maternal age at delivery, ethnicity, maternal education15, and an

indicator for poverty (the OECD Poverty Indicator). In addition, I have access to the father’s

level of education.

In terms of maternal health, controls include the pre-pregnancy BMI, a binary indicator to

mark any longstanding illness or limitations in daily life, and binary indicators for the following

health issues: digestion-related problems, asthma, backpain, migraine, bronchitis, hay fever.

Unlike for BMI in children, which is measured throughout the interview process and therefore

“objective”, the maternal BMI before pregnancy is based on self-reports 9 months after giving

birth, and therefore this measure is bound to suffer from a certain degree of bias16.

I also have access to controls related to the pregnancy and its progress: the gestational age

at delivery (in weeks), whether the pregnancy was planned or not, if fertility treatments were

necessary, if the mother attended antenatal care and antenatal classes, if she was working while

pregnant, if she ever smoked or drinked while pregnant, if she was ever hospitalised during

pregnancy, and finally if any issue occurred during pregnancy (such as bleeding, excessive

vomiting, infections, or hypertension).

Finally, I have information on the baby’s characteristics: sex, birthweight, and the exact age

at which the family was interviewed17. The regressors available are summarised in Table 2.1.

15I distinguish between “Less than high school” (corresponding to the level ISCED 2 – or lower), “High school
diploma” (ISCED 3), and “At least some college education” (ISCED 5).

16Namely recall bias, due to the time distance from the time of interview, and social desirability bias, which
for BMI is known to lead to an underestimation of obesity (Hattori & Sturm, 2013).

17Interviews are carried out when the children are aged approximately 9 months, and 3, 5, 7, and 11 years,
but there is heterogeneity with respect to when children are actually administered the tests – the nature of which
is highly age-dependent.
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Table 2.1. Control variables

Type Control variables

Maternal characteristics Age at delivery, Age at delivery squared, Ethnicity, Maternal education,
Whether below the poverty threshold

Maternal health BMI (before pregnancy), Any longstanding illness, Any limitations in daily
life, If ever suffered from the following (digestive issues, asthma, backpain,
migraine, bronchitis, hay fever)

Pregnancy Gestational age at delivery, Whether pregnancy was planned, Fertility
treatments, Antenatal care, Antenatal classes, Working while pregnant,
Smoking or drinking in pregnancy, If hospitalised during pregnancy, If
health issues occurred during pregnancy (bleeding, hyperemesis, infec-
tions, hypertension)

Child characteristics Sex, Birthweight, Exact age (in days/months) at interview

Other Paternal education

2.4 Empirical strategy

I study the effect of mode of delivery on child outcomes. Mode of delivery is not randomly

assigned, though, and indeed mother-child dyads who receive a C-section are systematically

different both in terms of observable and unobservable characteristics. To address the issue

of endogeneity, I rely on an instrumental variable approach using breech presentation as the

instrument for mode of delivery, as first implemented by Tonei (2019). Assumptions related

to the instrument are discussed in Subsection 2.4.1; additional considerations with respect

to selection are instead addressed in Section 2.5 when describing the process of sample

selection. I also include hospital fixed effects, to account for the time-invariant unobserved

heterogeneity18 at the hospital level, and month-of-birth fixed effects, to take into account

seasonal trends19. The relatively limited sample size prevents the use of hospital-and-month

fixed effects, which would capture time-varying unobserved heterogeneity at the hospital level

(e.g. crowding effects, staffing dynamics, and so on).

18Including quality of care, resources, treatment styles, organisational culture, and so on.
19As a non-exhaustive example, children born in different months are exposed to different environments in

terms of weather.
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The first stage is defined as follows:

CSit = β0 + β1breechi +H
′

itβ2 +W
′

itβ3 + µh + γm + εit

The second stage is instead defined as:

yit = α0 + α1ĈSi +H
′

itα2 +W
′

itα3 + µh + γm + εit

yit is the outcome for individual i (born in hospital h and in month m), measured at age

t. CSi is the causal variable of interest, an indicator that tells us whether the delivery was a

C-section or not. breechi is the instrument, an indicator that tells us whether the baby was

in the breech presentation or not. Hit is a vector of health-related information relative to the

mother and the pregnancy. Wit is a vector of socio-economic information. µh are hospital fixed

effects, while γm are month of birth fixed effects. Finally, εit is the error term. Standard errors

are clustered at the individual level.

2.4.1 IV assumptions

Instrumental variables need to meet two assumptions: they need to be relevant, and the

exclusion restriction needs to be satisfied (Imbens & Angrist, 1994). With respect to the

relevance condition, compliance with the medical guidelines (NICE, 2021) that indicate a C-

section delivery for breech babies is high (well above 90% in the UK), and this is especially

true following the 2000 RCT conducted by Hannah et al. (2000). The first stage results from

2SLS (reported in Subsection 2.6.1) indicate this is the case also in the sample at hand.

With respect to the exclusion restriction, breech presentation at birth in full-term babies is

as good as random (Tharin et al., 2011), possibly20 conditional on a number of (observable)

factors such as maternal age at birth, birthweight and maternal BMI (Cammu et al., 2014).

In addition, breech presentation is not a pathology in itself but only affects the baby through

20The evidence from the medical literature is still not clear in this regard.
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its impact on the mode of delivery (RCOG, 2017b); in other words, the instrument affects

the dependent variable only through its impact on the main independent variable (and not

directly). It is also important to note mothers are unable to affect the baby’s position with

their behaviours (Impey et al., 2017). As anticipated in Section 2.2, it is possible that the

gynecologist might offer an ECV to correct the position position of the baby if a breech is

detected before the birth (specifically at the end of the 36th week); information on having or

not received an ECV is not present in the MCS dataset, but I do observe take-up of antenatal

care, which acts as a useful proxy in this regard. Moreover, the choice of performing the ECV

is based on the presence of maternal contraindications (Rosman et al., 2013), a good amount

of which are proxied for in the regressors (maternal age, antepartum bleeding, obesity, and

so on). A potential limitation is the presence of survival bias, due to the fact that the breech

position babies I do observe are – at least in part – those for which the ECV failed or the

procedure was refused by the mother.

2.5 Sample

I focus on the children born to natural, first-time mothers in hospitals21, and keep only singleton

deliveries. Non-first-time mothers are excluded to ensure exogeneity, because having had a

C-section previously is an indication for receiving another at subsequent births (Daltveit et

al., 2008); in addition, breech presentation is less common in multiparous women (RCOG,

2017b). I also exclude multiple deliveries, because twin deliveries are much more likely to be

a C-section compared to singleton deliveries (Hoffmann et al., 2012); similarly, I focus only

on at-term births, i.e. occurring from 37 weeks of gestation onwards (Delnord et al., 2014).

In addition, I exclude those observations for which there is no information regarding mode

of delivery, complications, place of birth, maternal health and demographics, and the target

outcomes; I also exclude proxy interviews, i.e. observations where the mother is not the main

21Births occurring in facilities other than hospitals, at home, or in transit on the way to the hospital are
excluded from the sample.
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respondent22.

To avoid any potential self-selection, I exclude planned C-sections from the main sample;

focusing on emergency C-sections alone is based around the idea of emergency procedures

being quasi-randomly assigned to hospitals, which helps in minimising concerns with respect

to omitted variable bias – something that cannot be done while also considering elective

C-sections (where I might observe C-sections performed at maternal request, e.g. due to

unobserved anxiety that is also likely to impact the child’s upbringing).

In order not to introduce any potential additional heterogeneity, in the main sample the

focus is only on children born in dual-parent families; a dual-parent family is defined as such

when at the moment of birth the two biological parents were cohabiting, regardless of marital

status. Results are extended to children of single mothers in Appendix B (they do not differ

from those in the main analysis). The final sample includes 5,004 mother-child dyads.

Table 2.2 reports descriptive statistics. In my sample, 20.3% of children are born with a

C-section, with 1.3% being in the breech presentation at delivery. This is below the natural

rate of 3-4%, but this can be easily explained by the fact that in the sample only emergency C-

sections are kept, whereas a proportion of breech babies are instead delivered with a planned

C-section. 48.6% are females, and the average birthweight is 3.39 kilograms. Average maternal

age at first birth is 27.2 years. 13.5% are of an ethnicity different from White23, and 18.1%

come from a family below the poverty threshold according to the OECD Poverty Indicator24.

One mother in three has at least some college education. With respect to pregnancies, the

average gestational length in the sample is 39.8 weeks, 64.6% are planned pregnancies, and

84.4% worked while pregnant.

22Excluding adoptions, in MCS it is very uncommon for someone other than the natural mother to be
answering the questions posed in the questionnaire module on pregnancy and childbirth.

23Including “Black or Black British”, “Indian”, “Pakistani and Bangladeshi”, “Mixed”, and “Other Ethnic group
(inc Chinese, Other)”.

24Defined as having an income below 60% of the national median.
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Table 2.2. Descriptive statistics

Variable Mean SD Min Max

C-section (emergency) 0.203 0.402 0 1
Breech 0.013 0.115 0 1
Female 0.486 0.499 0 1
Birthweight 3.391 0.481 1.67 7.23
Maternal age 27.244 5.516 14 48
Maternal age (sqr.) 772.670 304.431 196 2304
Gestational age at birth (weeks) 39.806 1.234 37 43
Bleeding in pregnancy 0.084 0.278 0 1
Hyperemesis in pregnancy 0.055 0.229 0 1
Hypertension in pregnancy 0.088 0.283 0 1
Infections in pregnancy 0.070 0.256 0 1
Hospitalised during pregnancy 0.177 0.381 0 1
BMI before pregnancy 23.320 4.099 13.5 47.39
Ethnicity (non-white) 0.135 0.342 0 1
Maternal educ. (high school diploma) 0.447 0.497 0 1
Maternal educ. (at least some college) 0.353 0.478 0 1
Paternal educ. (high school diploma) 0.407 0.491 0 1
Paternal educ. (at least some college) 0.329 0.469 0 1
Below poverty threshold 0.181 0.385 0 1
Planned pregnancy 0.646 0.477 0 1
Fertility treatment 0.041 0.198 0 1
Drinking while pregnant 0.307 0.461 0 1
Smoking while pregnant 0.049 0.217 0 1
Any longstanding illness (mother) 0.185 0.388 0 1
Digestive issues (mother) 0.093 0.290 0 1
Backpain (mother) 0.188 0.391 0 1
Asthma (mother) 0.156 0.363 0 1
Bronchitis (mother) 0.074 0.262 0 1
Hay fever (mother) 0.249 0.432 0 1
Migraine (mother) 0.174 0.379 0 1
Limitations (mother) 0.071 0.257 0 1
Worked while pregnant 0.844 0.362 0 1
Antenatal care 0.974 0.156 0 1
Antenatal classes 0.695 0.460 0 1

Notes: Descriptive statistics for the main sample. For each variable mean, median, standard deviation
(SD), minimum (Min) and maximum (Max) values are reported. Data source: MCS (2023).
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2.6 Results

2.6.1 Main results

In Table 2.3 I compare characteristics by breech presentation, presenting p-values and the

standardised percentage bias. When looking at p-values, and as expected from the medical

evidence, I observe a statistically significant difference between the two groups in terms

of birthweight and in terms of maternal BMI, whereas in my sample I do not observe a

statistically significant difference in terms of maternal age at delivery – possibly owing to the

focus on emergency C-sections alone. I also observe a statistically significant difference with

respect to ethnicity which is not supported by the medical literature, that instead notes breech

presentation is likely to be slightly more common in White women as compared to women of

different ethnicities. Yet, non-White women are more likely to become mothers at a younger

age, and maternal age is a possible predictor of breech position (Fruscalzo et al., 2013).

For all outcomes I present estimates for three different specifications, which vary with

respect to the controls included. The first contains the baseline controls (maternal, baby

and pregnancy variables), while the second also includes socioeconomic variables (such as

education and poverty levels). Finally, the third specification includes paternal controls.
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Table 2.3. Characteristics by presentation

Variable No breech Breech p-value %bias

Female 0.487 0.456 0.612 -6.2
Birthweight 3.394 3.234 0.007 -32.9
Maternal age 27.236 27.882 0.337 11.2
Gestational age at birth (weeks) 39.815 39.250 0.000 -43.7
Health issues during pregnancy 0.365 0.382 0.766 3.6
Hospitalised during pregnancy 0.178 0.118 0.196 -17.0
BMI before pregnancy 23.334 22.357 0.060 -25.4
Ethnicity (non-white) 0.134 0.235 0.015 26.2
Maternal educ. (high school diploma) 0.448 0.431 0.779 -3.5
Maternal educ. (at least some college) 0.354 0.338 0.799 -3.2
Below poverty threshold 0.181 0.176 0.920 -1.2
Planned pregnancy 0.646 0.706 0.304 12.8
Fertility treatment 0.041 0.044 0.898 1.5
Drinking while pregnant 0.307 0.294 0.813 -2.9
Smoking while pregnant 0.050 0.015 0.182 -20.0
Any longstanding illness (mother) 0.185 0.235 0.286 12.4
Digestive issues (mother) 0.091 0.221 0.000 36.1
Backpain (mother) 0.189 0.162 0.573 -7.1
Asthma (mother) 0.156 0.162 0.899 1.5
Bronchitis (mother) 0.075 0.074 0.973 -0.4
Hay fever (mother) 0.251 0.162 0.092 -22.1
Migraine (mother) 0.176 0.118 0.212 -16.4
Limitations (mother) 0.071 0.088 0.587 6.3
Worked while pregnant 0.845 0.838 0.884 -1.8
Antenatal care 0.975 0.985 0.579 7.6
Antenatal classes 0.696 0.676 0.730 -4.2

Notes: Balance of covariates across subsamples, by presentation at birth (breech versus non-breech).
For each variable the p-value of the difference in means and the standardised percentage bias (%bias) are
reported. Data source: MCS (2023).

I first present results for the domain-specific (but not age-specific) outcomes (Table 2.4),

i.e. where I have indexed all potential outcomes by domain (health, cognition, non-cognitive

development) and pooled together outcomes at all ages. I consider this my primary analysis,

as the use of a Anderson-style summary index across all ages reduces the amount of noise

compared to age-specific results (Schwab et al., 2020). In terms of the direction of the effects:

the higher the (bad) health index, the worse the health of the child; the higher the cognitive

index, the higher the cognitive ability of the child; the higher the non-cognitive index, the

more likely it is that the child displays behavioural issues.
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Table 2.4. Domain-specific outcomes

(Bad) Health index Cognitive index Non-cognitive index

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

2SLS
Emerg. CS 0.048 0.049 0.048 -0.140** -0.138** -0.138** 0.286** 0.285** 0.287**

(0.053) (0.053) (0.053) (0.069) (0.068) (0.068) (0.132) (0.132) (0.131)
R-sq. 0.133 0.133 0.132 0.163 0.165 0.165 0.198 0.199 0.198
Obs. 3,831 3,831 3,828 3,514 3,514 3,511 3,518 3,518 3,515

First stage
Breech 0.718*** 0.722*** 0.721*** 0.695*** 0.698*** 0.697*** 0.695*** 0.698*** 0.697***

(0.046) (0.047) (0.047) (0.052) (0.053) (0.053) (0.053) (0.054) (0.054)
F-stat. 234.59 227.59 227.18 177.85 170.75 170.37 169.30 162.97 162.73

Notes: 2SLS estimates of emergency C-section (CS) – instrumented by breech position – on all-ages domain-specific indexed outcomes
in children (health, cognition, non-cognitive skills). Specification (1) includes baseline controls; specification (2) includes baseline controls
and socio-economic characteristics; specification (3) includes baseline controls, socio-economic characteristics, and paternal information.
All specifications include hospital and month of birth fixed effects. First stage estimates of emergency C-section on breech position are also
reported, with the relevant F-statistic. Robust standard errors in parentheses, clustered at the individual level; *** p<0.01, ** p<0.05, *
p<0.1. Data source: MCS (2023).

First stage results estimates are close to 0.70 across all different specification, and statis-

tically significant at the 1% level. With respect to the second stage, I observe no statistically

significant impact of mode of delivery on health. I observe instead a negative effect on cogni-

tion, which is statistically significant at the 5% level; and I report a positive sign (i.e. a negative

effect) for non-cognitive development, again with 5% significance.

In Table 2.5 I present instead results for the outcomes measured at 9 months, which are

only related to the health domain given the absence of information on cognitive and non-

cognitive skills at such a young age. At 9 months of age I do not observe any statistically

significant impact on health outcomes.
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Table 2.5. Outcomes at age 9 months

(Bad) Health index

(1) (2) (3)

2SLS
Emerg. CS 0.049 0.048 0.049

(0.618) (0.622) (0.619)
R-sq. 0.137 0.138 0.136
Obs. 3,831 3,831 3,828

First stage
Breech 0.718*** 0.722*** 0.721***

(0.046) (0.047) (0.047)
F-stat. 234.59 227.59 227.18

Notes: 2SLS estimates of emergency C-section (CS) – instrumented
by breech position – on the domain-specific indexed health out-
come in children at age 9 months. Specification (1) includes base-
line controls; specification (2) includes baseline controls and socio-
economic characteristics; specification (3) includes baseline con-
trols, socio-economic characteristics, and paternal information. All
specifications include hospital and month of birth fixed effects.
First stage estimates of emergency C-section on breech position
are also reported, with the relevant F-statistic. Robust standard er-
rors in parentheses, clustered at the individual level; *** p<0.01,
** p<0.05, * p<0.1. Data source: MCS (2023).

At 3 years instead (Table 2.6) I find a statistically significant (1%) negative sign on the

impact of mode of delivery on the health index, which implies no detrimental effect of C-

section on health at 3 years. No statistically significant effect is instead observed for cognition.

I also observe a positive sign on the coefficients for the non-cognitive index (the index is

larger the more behavioural problems a child has), although significance is low (10%). At 5

years (Table 2.7) I observe no impact on either index. At 7 years instead (Table 2.8) I find a

statistically significant (5%) negative impact on the cognitive index. At 11 years (Table 2.9) I

again observe no impact on either index. An interpretation of the age-specific results is offered

in the Discussion.
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Table 2.6. Outcomes at age 3

(Bad) Health index Cognitive index Non-cognitive index

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

2SLS
Emerg. CS -0.284*** -0.282*** -0.285*** 0.051 0.058 0.055 0.340* 0.339* 0.340*

(0.092) (0.094) (0.094) (0.168) (0.165) (0.166) (0.199) (0.199) (0.198)
R-sq. 0.068 0.072 0.072 0.277 0.279 0.278 0.189 0.190 0.191
Obs. 3,255 3,255 3,252 3,160 3,160 3,157 3,137 3,137 3,135

First stage
Breech 0.693*** 0.694*** 0.694*** 0.685*** 0.693*** 0.692*** 0.695*** .697*** 0.696***

(0.056) (0.057) (0.057) (0.059) (0.060) (0.060) (0.056) (0.058) (0.058)
F-stat. 151.65 145.84 145.75 134.28 132.00 131.71 149.78 143.17 142.97

Notes: 2SLS estimates of emergency C-section (CS) – instrumented by breech position – on domain-specific indexed outcomes in children
at age 3 (health, cognition, non-cognitive skills). Specification (1) includes baseline controls; specification (2) includes baseline controls
and socio-economic characteristics; specification (3) includes baseline controls, socio-economic characteristics, and paternal information.
All specifications include hospital and month of birth fixed effects. First stage estimates of emergency C-section on breech position are also
reported, with the relevant F-statistic. Robust standard errors in parentheses, clustered at the individual level; *** p<0.01, ** p<0.05, *
p<0.1. Data source: MCS (2023).

Table 2.7. Outcomes at age 5

(Bad) Health index Cognitive index Non-cognitive index

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

2SLS
Emerg. CS 0.036 0.039 0.037 -0.130 -0.126 -0.128 0.321 0.320 0.325

(0.120) (0.120) (0.120) (0.192) (0.100) (0.100) (0.209) (0.208) (0.208)
R-sq. 0.153 0.156 0.154 0.197 0.202 0.199 0.178 0.178 0.178
Obs. 3,242 3,242 3,239 3,243 3,243 3,240 3,181 3,181 3,179

First stage
Breech 0.723*** 0.726*** 0.726*** 0.723*** 0.726*** 0.726*** 0.742*** 0.746*** 0.747***

(0.049) (0.051) (0.052) (0.049) (0.051) (0.051) (0.048) (0.048) (0.049)
F-stat. 217.04 201.03 199.14 217.24 201.35 199.48 232.18 227.18 226.39

Notes: 2SLS estimates of emergency C-section (CS) – instrumented by breech position – on domain-specific indexed outcomes in children
at age 5 (health, cognition, non-cognitive skills). Specification (1) includes baseline controls; specification (2) includes baseline controls
and socio-economic characteristics; specification (3) includes baseline controls, socio-economic characteristics, and paternal information.
All specifications include hospital and month of birth fixed effects. First stage estimates of emergency C-section on breech position are also
reported, with the relevant F-statistic. Robust standard errors in parentheses, clustered at the individual level; *** p<0.01, ** p<0.05, *
p<0.1. Data source: MCS (2023).
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Table 2.8. Outcomes at age 7

(Bad) Health index Cognitive index Non-cognitive index

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

2SLS
Emerg. CS 0.109 0.110 0.110 -0.294** -0.285** -0.285** 0.304 0.303 0.308

(0.104) (0.103) (0.104) (0.147) (0.144) (0.143) (0.198) (0.199) (0.198)
R-sq. 0.121 0.121 0.121 0.194 0.203 0.202 0.187 0.188 0.188
Obs. 2,982 2,982 2,979 2,954 2,954 2,951 2,952 2,952 2,949

First stage
Breech 0.736*** 0.742*** 0.741*** 0.736*** 0.741*** 0.741*** 0.767*** 0.769*** 0.769***

(0.055) (0.056) (0.056) (0.055) (0.056) (0.056) (0.050) (0.052) (0.052)
F-stat. 177.93 175.15 174.73 176.07 173.42 173.01 232.02 216.80 216.77

Notes: 2SLS estimates of emergency C-section (CS) – instrumented by breech position – on domain-specific indexed outcomes in children
at age 7 (health, cognition, non-cognitive skills). Specification (1) includes baseline controls; specification (2) includes baseline controls
and socio-economic characteristics; specification (3) includes baseline controls, socio-economic characteristics, and paternal information.
All specifications include hospital and month of birth fixed effects. First stage estimates of emergency C-section on breech position are also
reported, with the relevant F-statistic. Robust standard errors in parentheses, clustered at the individual level; *** p<0.01, ** p<0.05, *
p<0.1. Data source: MCS (2023).

Table 2.9. Outcomes at age 11

(Bad) Health index Cognitive index Non-cognitive index

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

2SLS
Emerg. CS 0.101 0.099 0.098 -0.161 -0.161 -0.161 0.286 0.284 0.286

(0.124) (0.124) (0.125) (0.137) (0.135) (0.136) (0.196) (0.197) (0.197)
R-sq. 0.139 0.141 0.141 0.158 0.158 0.159 0.195 0.195 0.196
Obs. 2,681 2,681 2,679 2,656 2,656 2,654 2,649 2,649 2,647

First stage
Breech 0.730*** 0.735*** 0.735*** 0.718*** 0.724*** 0.725*** 0.728*** 0.733*** 0.733***

(0.058) (0.059) (0.058) (0.058) (0.059) (0.059) (0.058) (0.059) (0.058)
F-stat. 157.79 155.38 158.56 151.53 147.95 151.55 155.66 153.32 157.02

Notes: 2SLS estimates of emergency C-section (CS) – instrumented by breech position – on domain-specific indexed outcomes in children
at age 11 (health, cognition, non-cognitive skills). Specification (1) includes baseline controls; specification (2) includes baseline controls
and socio-economic characteristics; specification (3) includes baseline controls, socio-economic characteristics, and paternal information.
All specifications include hospital and month of birth fixed effects. First stage estimates of emergency C-section on breech position are also
reported, with the relevant F-statistic. Robust standard errors in parentheses, clustered at the individual level; *** p<0.01, ** p<0.05, *
p<0.1. Data source: MCS (2023).
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2.6.2 Mechanisms

In the Introduction I mentioned some of the potential channels through which mode of delivery

is affecting longer-term child outcomes. Given that from the MCS survey I am able to retrieve

information on maternal mental health and self-reported health, together with information on

the length of breastfeeding25 and on maternal inputs26, I can offer some suggestive evidence

of the mechanisms at play. Bivariate probit estimates are presented in Table 2.10.

Coherently with the literature, I find a negative and statistically significant impact on

breastfeeding, the likelihood of which decreases in case of a C-section birth.

Table 2.10. Potential mechanisms

Mental health
(post-partum
depression)

Maternal inputs Breastfeeding
(at least 3 months)

2SLS
Emerg. CS -0.165 -0.114 -0.558**

(0.253) (0.303) (0.264)
Obs. 3,828 3,505 3,828

First stage
Breech 2.489*** 2.416*** 2.492***

(0.252) (0.266) (0.258)

Notes: Bivariate probit estimates of emergency C-section (CS) – instrumented by breech po-
sition – on potential mechanisms (maternal mental health, maternal inputs, breastfeeding).
The specification includes baseline controls, socio-economic characteristics, and paternal in-
formation; the specification also includes hospital and month of birth fixed effects. First stage
estimates of emergency C-section on breech position are also reported. Robust standard er-
rors in parentheses, clustered at the individual level; *** p<0.01, ** p<0.05, * p<0.1. Data
source: MCS (2023).

25In particular I look at whether the child has been breastfed for at least 3 months, using a dummy variable.
26Maternal inputs are indexed in the same fashion as child outcomes, pooling together information – through

the Anderson (2008) index – on the parenting activities conducted at all ages: frequency of reading to the child,
of playing with the child, of outdoors activities with the child, etc.
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2.6.3 Heterogeneity analysis

First, I perform the heterogeneity analysis by sex of the baby. The rationale is that according to

the existing literature boys and girls are differentially susceptible to adverse early-life conditions

(Autor et al., 2023).

Results are reported in Table 2.11. Although the limited power implies we should err on the

side of caution when interpreting these results, I find a differential impact of mode of delivery

on the cognitive index, for which I observe a statistically significant negative effect for males but

not for females. A negative (i.e. a positive sign) effect can likewise be only observed for males

when looking at non-cognitive development. All in all, this is suggestive evidence that males

and females are affected differently in terms of cognitive and non-cognitive development.

Table 2.11. Heterogeneity analysis by sex (outcomes)

(Bad) Health index Cognitive index Non-cognitive index

Males Females Males Females Males Females

2SLS
Emerg. CS 0.055 0.069 -0.183** -0.113 0.305* 0.304

(0.064) (0.076) (0.077) (0.126) (0.159) (0.207)
R-sq. 0.177 0.194 0.237 0.220 0.219 0.221
Obs. 1,977 1,851 1,819 1,692 1,817 1,698

First stage
Breech 0.800*** 0.644*** 0.796*** 0.579*** 0.800*** 0.581***

(0.063) (0.075) (0.069) (0.085) (0.071) (0.085)
F-stat. 160.37 73.70 133.02 45.72 126.13 45.96

Notes: Heterogeneity analysis by sex; 2SLS estimates of emergency C-section (CS) – instrumented by breech
position – on all-ages domain-specific indexed outcomes in children (health, cognition, non-cognitive skills). The
specification includes baseline controls, socio-economic characteristics, and paternal information; the specification
also includes hospital and month of birth fixed effects. First stage estimates of emergency C-section on breech
position are also reported, with the relevant F-statistic. Robust standard errors in parentheses, clustered at the
individual level; *** p<0.01, ** p<0.05, * p<0.1. Data source: MCS (2023).

Table 2.12 shows a negative and statistically significant impact of C-section on breastfeed-

ing, but only for males.
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Table 2.12. Heterogeneity analysis by sex (mechanisms)

Mental health
(post-partum
depression)

Maternal inputs Breastfeeding
(at least 3 months)

Males Females Males Females Males Females

2SLS
Emerg. CS 0.098 -0.234 -0.257 0.837 -0.705** -1.009

(0.343) (0.542) (0.391) (2.403) (0.321) (1.069)
Obs. 1,977 1,851 1,813 1,692 1,977 1,851

First stage
Breech 3.046*** 2.313*** 3.002*** 1.885** 3.021*** 2.266***

(0.437) (0.356) (0.449) (0.985) (0.436) (0.454)

Notes: Heterogeneity analysis by sex. Bivariate probit estimates of emergency C-section (CS) – instrumented by
breech position – on potential mechanisms (maternal mental health, maternal inputs, breastfeeding). The spec-
ification includes baseline controls, socio-economic characteristics, and paternal information; the specification
also includes hospital and month of birth fixed effects. First stage estimates of emergency C-section on breech
position are also reported. Robust standard errors in parentheses, clustered at the individual level; *** p<0.01,
** p<0.05, * p<0.1. Data source: MCS (2023).

I also perform a heterogeneity analysis by the level of education of the mother, differenti-

ating between high education women (those with an education level corresponding to ISCED

5, i.e. with college-level education), and low-to-medium education women (ISCED levels 2

and 327). In this case the rationale is to take into account how maternal inputs differ by level

of education and, therefore, by socio-economic status; as non-exhaustive examples, the pro-

ductivity of parenting time is twice as high for highly educated mothers (Brilli, 2022), while

breastfeeding is associated with socio-economic status (Flacking et al., 2007).

Results are reported in Table 2.13. There seems to be a differential impact in terms of

cognitive and, most evidently, non-cognitive outcomes, with children of mothers with lower

education disproportionately affected.

27ISCED levels 2 and 3 are grouped together because, due to the limited sample size, a three-way heterogeneity
analysis would not be possible.
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Table 2.13. Heterogeneity analysis by maternal education (outcomes)

(Bad) Health index Cognitive index Non-cognitive index

Low ed. High ed. Low ed. High ed. Low ed. High ed.

2SLS
Emerg. CS 0.084 0.037 -0.173* -0.125 0.423*** 0.119

(0.069) (0.071) (0.091) (0.111) (0.160) (0.228)
R-sq. 0.172 0.203 0.198 0.215 0.170 0.266
Obs. 2,369 1,459 2,143 1,368 2,146 1,369

First stage
Breech 0.685*** 0.754*** 0.649*** 0.775*** 0.649*** 0.772***

(0.066) (0.055) (0.076) (0.058) (0.076) (0.060)
F-stat. 105.68 181.61 72.26 174.79 71.75 160.39

Notes: Heterogeneity analysis by maternal education; 2SLS estimates of emergency C-section (CS) – instrumented
by breech position – on all-ages domain-specific indexed outcomes in children (health, cognition, non-cognitive
skills). The specification includes baseline controls, socio-economic characteristics, and paternal information; the
specification also includes hospital and month of birth fixed effects. First stage estimates of emergency C-section
on breech position are also reported, with the relevant F-statistic. Robust standard errors in parentheses, clustered
at the individual level; *** p<0.01, ** p<0.05, * p<0.1. Data source: MCS (2023).

In Table 2.14 instead I report bivariate probit estimates of the heterogeneity analysis by

maternal education on the mechanisms. We observe a statistically significant negative impact

of mode of delivery on breastfeeding for low education mothers alone, although the sign of

the estimate is negative also for high education mothers.
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Table 2.14. Heterogeneity analysis by maternal education (mechanisms)

Mental health
(post-partum
depression)

Maternal inputs Breastfeeding
(at least 3 months)

Low ed. High ed. Low ed. High ed. Low ed. High ed.

2SLS
Emerg. CS -0.008 -0.142 0.214 -0.566 -0.751** -0.234

(0.426) (0.607) (0.433) (0.735) (0.354) (0.352)
Obs. 2,369 1,459 2,135 1,370 2,369 1,459

First stage
Breech 2.408*** 12.267*** 2.277*** 12.234*** 2.400*** 11.563***

(0.309) (0.276) (0.324) (0.308) (0.312) (0.309)

Notes: Heterogeneity analysis by maternal education. Bivariate probit estimates of emergency C-section (CS) – instru-
mented by breech position – on potential mechanisms (maternal mental health, maternal inputs, breastfeeding). The
specification includes baseline controls, socio-economic characteristics, and paternal information; the specification also
includes hospital and month of birth fixed effects. First stage estimates of emergency C-section on breech position are
also reported. Robust standard errors in parentheses, clustered at the individual level; *** p<0.01, ** p<0.05, * p<0.1.
Data source: MCS (2023).

2.6.4 Robustness

In terms of robustness, first of all I compare different samples: results are robust to the

exclusion of outliers in terms of birthweight28 (estimates are reported in Appendix A), and to

the inclusion of children of single mothers (Appendix B). Moreover, results are robust to the

exclusion of hospital fixed effects and month of birth fixed effects (Appendix C).

Like most longitudinal studies the Millennium Cohort Study suffers from a certain amount

of attrition, which is reported to have a socio-economic gradient, with socially advantaged

respondents less likely to drop out of the study (Mostafa, 2014). Table 2.21 in Appendix D

shows this is the case also for the sample in this study, with the attrition subsample being

more likely to be from a non-White ethnicity, have less educated parents, and live below the

poverty threshold. In any case, as evidenced in Table 2.22 and Table 2.23 (Appendix D), the

main results are robust to exclusion from the analysis of the attrition units.

28I.e. those who weigh more than 4.5kg or less than 2.5kg at term.
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2.7 Discussion

Using data from the Millennium Cohort Study, I analyse the impact of mode of delivery on

child outcomes, leveraging the exogenous variation in fetal presentation at birth.

In line with V. M. Jensen and Wust (2015), Muhlrad (2022) and Rogvi et al. (2024) –

who also focus on breech babies in their identification strategy, although within a Regression

Discontinuity Design framework – I find no evidence of a negative effect of C-sections on

child health, and I actually observe a protective effect of C-section at age 3. Although at a

first glance this might seem in contrast with the results by Costa-Ramón et al. (2018) and

Costa-Ramón et al. (2022), who find a negative impact on immune-related health, in reality

this can be rationalised by looking at the target population. More specifically, strategies that

rely on at-risk individuals like breech babies, such as the one used in this paper or the one

employed by V. M. Jensen and Wust (2015), identify a local average treatment effect limited

to the population of at-risk babies; on the other hand the strategy used by Costa-Ramón et al.

(2018) and Costa-Ramón et al. (2022) enables them to also focus on lower-risk C-sections.

This indicates support to the fact that C-sections can be beneficial for at-risk babies, who are

ultimately better off by avoiding a prolonged labor (Card et al., 2023); any potential negative

effect of C-sections on child health is instead driven by potentially unnecessary procedures

performed on low-risk babies.

With respect to cognitive development, I find some preliminary evidence of a negative

impact on cognition; these results are driven by the effect at age 7. Although it is hard to

speculate on the timing of this effect due to potential noise, it is of note that all children at this

stage have started formal schooling, which may act as a mediator of the effect on cognition

together with maternal education. In fact, the heterogeneity analysis seems to suggest low

maternal education is a driver of the results. Moreover, only males seem to be negatively

impacted by the mode of delivery with respect to cognition. This result is in line with the

literature devoted to the so-called “male disadvantage hypothesis” (Currie & Rossin-Slater,
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2014; Clark et al., 2021), according to which male fetuses are more sensitive to environmental

and behavioural conditions while in utero.

In terms of non-cognitive development, i.e. behavioural issues as measured by the SDQ

scale, I find potential evidence of a negative effect of mode of delivery which is driven by

low education mothers. To better understand how mode of delivery can have a longer-term

impact on children’s cognitive and non-cognitive skills, I offer some preliminary results on the

potential underlying mechanisms. Breastfeeding has been shown to have a positive impact

not just on health (Del Bono & Pronzato, 2022) but also on cognitive outcomes (Borra et al.,

2012; Fitzsimons & Vera-Hernández, 2022; Rothstein, 2013), therefore it is a potential channel

through which mode of delivery can affect cognitive development. Moreover, there is also

some preliminary evidence of a protective effect of breastfeeding on non-cognitive outcomes

(Borra et al., 2012; Heikkila et al., 2011), although it is unknown whether this occurs through

an effect on mother-child bonding time, or through other channels. Results on transmission

mechanisms support for the hypothesis that receiving a C-section reduces the likelihood of

breastfeeding (Denny & Doyle, 2010), possibly owing to a delay in skin-to-skin contact and

to hindered access to lactation support in the perinatal period after a non-straightforward

delivery. This result is driven by low education mothers, who are probably less equipped to

make breastfeeding possible after an emergency C-section compared to mothers with higher

education.

I also find some suggestive – if not statistically significant – evidence with respect to the

role played by maternal inputs. For example, I observe a (statistically not significant) negative

sign with respect to maternal investments, potentially indicating that, in general, mothers who

have received a C-section are not actively trying to offset any potential negative impact of

C-sections on children by investing more in parental inputs.

The analysis has some limitations. Due to the identification strategy employed, the validity

of the results only extends to higher-risk babies such as babies in breech position and emer-

gency C-sections. Nevertheless, findings relative to the potential mechanisms – especially
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breastfeeding – might also be relevant for other higher-risk births such as twin deliveries and

those involving multi-morbidity mothers. In addition, limitations in data availability prevent the

exploration of further mechanisms, such as those linked to post-birth parental leave policies

or disruptions to household productivity, which may represent promising avenues for future

research.

Finally, with respect to the validity of the instrument it must be noted that – even though

knowledge on the intergenerational recurrence of breech delivery is scarce – there might be

a genetic component to breech presentation (Nordtveit et al., 2008) that warrants further

attention.

Policy-wise, priority should be given to making sure maternal neonatal care is offered in

an appropriate fashion, i.e. by avoiding unnecessary C-sections while making sure babies

who need one receive it. In addition, more attention should be devoted to access to lactation

support, with a particular focus on at-risk populations – primarily, mothers of low socio-

economic conditions.
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Appendix 2.A Results excluding birthweight outliers

Here I report results when excluding from the sample outliers in birthweight, i.e. those children

who were born at term with a weight below 2.5kg (Small for Gestational Age) or above 4.5kg

(Large for Gestational Age), as these outliers in terms of birthweight have an increased risk of

birth complications (Cartwright et al., 2020). Below I report 2SLS estimates for the domain-

specific outcomes (Table 2.15), and bivariate probit estimates for the maternal mechanisms

(Table 2.16). With respect to the main outcomes, results do not differ substantially from those

reported in the main analysis (Section 2.6.1). In terms of mechanisms instead, estimates for

breastfeeding are no longer significant while the coefficient for maternal inputs is negative and

significant.

Table 2.15. Domain-specific outcomes (excluding birthweight outliers)

(Bad) Health index Cognitive index Non-cognitive index

2SLS
Emerg. CS 0.051 -0.132* 0.209*

(0.053) (0.070) (0.111)
R-sq. 0.137 0.165 0.221
Obs. 3672 3369 3372

First stage
Breech 0.740*** 0.714*** 0.714***

(0.051) (0.056) (0.058)
F-stat. 213.32 158.39 150.79

Notes: 2SLS estimates of emergency C-section (CS) – instrumented by breech position – on all-ages
domain-specific indexed outcomes in children (health, cognition, non-cognitive skills); the sample
excludes outliers in terms of birthweight (i.e. babies whose birthweight was more than 4.5kg or less
than 2.5kg at term). The specification includes baseline controls, socio-economic characteristics, and
paternal information; the specification also includes hospital and month of birth fixed effects. First stage
estimates of emergency C-section on breech position are also reported, with the relevant F-statistic.
Robust standard errors in parentheses, clustered at the individual level; *** p<0.01, ** p<0.05, *
p<0.1. Data source: MCS (2023).

105



Table 2.16. Potential mechanisms (excluding birthweight outliers)

Mental health
(post-partum
depression)

Maternal inputs Breastfeeding
(at least 3 months)

2SLS
Emerg. CS -0.191 -0.588** 0.183

(0.255) (0.279) (0.311)
Obs. 3672 3672 3363

First stage
Breech 2.547*** 2.552*** 2.461***

(0.261) (0.268) (0.279)

Notes: Bivariate probit estimates of emergency C-section (CS) – instrumented by breech
position – on potential mechanisms (maternal mental health, maternal inputs, breastfeeding);
the sample excludes outliers in terms of birthweight (i.e. babies whose birthweight was more
than 4.5kg or less than 2.5kg at term). The specification includes baseline controls, socio-
economic characteristics, and paternal information; the specification also includes hospital
and month of birth fixed effects. First stage estimates of emergency C-section on breech
position are also reported. Robust standard errors in parentheses, clustered at the individual
level; *** p<0.01, ** p<0.05, * p<0.1. Data source: MCS (2023).
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Appendix 2.B Results including single mothers

Here I report results when keeping as part of the sample single mothers, who are excluded

from the main analysis in order to avoid introducing additional heterogeneity. Below I report

2SLS estimates for the domain-specific outcomes (Table 2.17), and bivariate probit estimates

for the maternal mechanisms (Table 2.18). Results do not differ substantially from those

reported in the main analysis (Section 2.6.1).

Table 2.17. Domain-specific outcomes (both single and partnered mothers)

(Bad) Health index Cognitive index Non-cognitive index

2SLS
Emerg. CS 0.042 -0.155** 0.317**

(0.050) (0.071) (0.137)
R-sq. 0.130 0.159 0.189
Obs. 4,053 3,709 3,716

First stage
Breech 0.720*** 0.696*** 0.696***

(0.047) (0.053) (0.054)
F-stat. 228.64 171.05 164.99

Notes: 2SLS estimates of emergency C-section (CS) – instrumented by breech position – on all-ages
domain-specific indexed outcomes in children (health, cognition, non-cognitive skills); the sample also
includes single mothers. The specification includes baseline controls, socio-economic characteristics,
and paternal information; the specification also includes hospital and month of birth fixed effects.
First stage estimates of emergency C-section on breech position are also reported, with the relevant
F-statistic. Robust standard errors in parentheses, clustered at the individual level; *** p<0.01, **
p<0.05, * p<0.1. Data source: MCS (2023).
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Table 2.18. Potential mechanisms (both single and partnered mothers)

Mental health
(post-partum
depression)

Maternal inputs Breastfeeding
(at least 3 months)

2SLS
Emerg. CS -0.155 0.033 -0.567**

(0.247) (0.311) (0.255)
Obs. 4,053 3,705 4,054

First stage
Breech 2.495*** 2.428*** 2.502***

(0.240) (0.257) (0.246)

Notes: Bivariate probit estimates of emergency C-section (CS) – instrumented by breech
position – on potential mechanisms (maternal mental health, maternal inputs, breastfeeding);
the sample also includes single mothers. The specification includes baseline controls, socio-
economic characteristics, and paternal information; the specification also includes hospital and
month of birth fixed effects. First stage estimates of emergency C-section on breech position
are also reported. Robust standard errors in parentheses, clustered at the individual level; ***
p<0.01, ** p<0.05, * p<0.1. Data source: MCS (2023).
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Appendix 2.C Results excluding fixed effects

In terms of robustness, I report here results when excluding hospital fixed effects and month

of birth fixed effects.

Table 2.19. Domain-specific outcomes (excluding fixed effects)

(Bad) Health index Cognitive index Non-cognitive index

2SLS
Emerg. CS 0.032 -0.131* 0.245*

(0.051) (0.070) (0.128)
R-sq. 0.071 0.063 0.141
Obs. 3835 3514 3518

First stage
Breech 0.712*** 0.692*** 0.694***

(0.046) (0.051) (0.053)
F-stat. 233.45 177.96 172.41

Notes: 2SLS estimates of emergency C-section (CS) – instrumented by breech position – on all-ages
domain-specific indexed outcomes in children (health, cognition, non-cognitive skills); the specification
excludes hospital and month of birth fixed effects. First stage estimates of emergency C-section on
breech position are also reported, with the relevant F-statistic. Robust standard errors in parentheses,
clustered at the individual level; *** p<0.01, ** p<0.05, * p<0.1. Data source: MCS (2023).

Table 2.20. Potential mechanisms (excluding fixed effects)

Mental health
(post-partum
depression)

Maternal inputs Breastfeeding
(at least 3 months)

2SLS
Emerg. CS -0.144 -0.448* 0.122

(0.224) (0.267) (0.273)
Obs. 3835 3835 3508

First stage
Breech 2.308*** 2.310*** 2.230***

(0.242) (0.247) (0.253)

Notes: Bivariate probit estimates of emergency C-section (CS) – instrumented by breech posi-
tion – on potential mechanisms (maternal mental health, maternal inputs, breastfeeding); the
specification excludes hospital and month of birth fixed effects. First stage estimates of emer-
gency C-section on breech position are also reported. Robust standard errors in parentheses,
clustered at the individual level; *** p<0.01, ** p<0.05, * p<0.1. Data source: MCS (2023).
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Appendix 2.D Attrition

Given that the Millennium Cohort Study is subject to attrition with a socio-economic gradient,

in Table 2.21 I confirm this is the case also for the sample used in this study.

Table 2.21. Characteristics by attrition status

Variable Non-attrition Attrition %bias p-value

Emergency C-section 0.210 0.193 4.1 0.239
Breech 0.013 0.013 0.2 0.948
Female 0.483 0.482 0.3 0.930
Birthweight 3.425 3.387 8.0 0.021
Maternal age at birth 28.092 26.791 24.3 0.000
Gestational age at birth 39.851 39.774 6.4 0.067
Health issues during pregnancy 0.368 0.377 -1.8 0.596
Hospitalised during pregnancy 0.175 0.179 -0.9 0.789
BMI before pregnancy 23.567 22.998 14.0 0.000
Ethnicity (non-white) 0.081 0.127 -15.2 0.000
Maternal educ. (high school diploma) 0.434 0.476 -8.5 0.015
Maternal educ. (at least some college) 0.416 0.297 25.1 0.000
Paternal educ. (high school diploma) 0.418 0.396 4.4 0.205
Paternal educ. (at least some college) 0.350 0.289 13.0 0.000
Below poverty threshold 0.111 0.179 -19.2 0.000
Planned pregnancy 0.684 0.650 7.2 0.037
Fertility treatment 0.043 0.045 -1.0 0.776
Drinking while pregnant 0.343 0.272 15.4 0.000
Smoking while pregnant 0.043 0.055 -5.6 0.100
Any longstanding illness (mother) 0.194 0.166 7.2 0.040
Digestive issues (mother) 0.097 0.093 1.5 0.667
Backpain (mother) 0.174 0.205 -7.8 0.023
Asthma (mother) 0.158 0.152 1.5 0.662
Bronchitis (mother) 0.079 0.067 4.6 0.196
Hay fever (mother) 0.261 0.245 3.7 0.294
Migraine (mother) 0.178 0.168 2.5 0.470
Limitations (mother) 0.072 0.060 5.0 0.157
Worked while pregnant 0.902 0.826 22.4 0.000
Antenatal care 0.984 0.973 8.1 0.013
Antenatal classes 0.774 0.660 25.5 0.000

Notes: Balance of covariates across subsamples, by attrition status (attrition versus non-attrition). For each
variable the p-value of the difference in means and the standardised percentage bias (%bias) are reported. Data
source: MCS (2023).

As evidenced in Table 2.22 and Table 2.23 (Appendix D), the main results are robust to

exclusion from the analysis of the attrition units. In addition, for the non-attrition subsample

the negative impact of C-section on maternal mental health becomes significant.
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Table 2.22. Domain-specific outcomes (non-attrition sample)

(Bad) Health index Cognitive index Non-cognitive index

2SLS
Emerg. CS 0.011 -0.160** 0.302**

(0.067) (0.074) (0.151)
R-sq. 0.162 0.179 0.224
Obs. 2679 2679 2678

First stage
Breech 0.736*** 0.736*** 0.736***

(0.058) (0.058) (0.058)
F-stat. 158.17 158.17 158.45

Notes: 2SLS estimates of emergency C-section (CS) – instrumented by breech position – on all-ages
domain-specific indexed outcomes in children (health, cognition, non-cognitive skills); the sample
is made of individuals observed at both 9 months and 11 years (i.e. the non-attrition units). The
specification includes baseline controls, socio-economic characteristics, and paternal information; the
specification also includes hospital and month of birth fixed effects. First stage estimates of emergency
C-section on breech position are also reported, with the relevant F-statistic. Robust standard errors in
parentheses, clustered at the individual level; *** p<0.01, ** p<0.05, * p<0.1. Data source: MCS
(2023).

Table 2.23. Potential mechanisms (non-attrition sample)

Mental health
(post-partum
depression)

Maternal inputs Breastfeeding
(at least 3 months)

2SLS
Emerg. CS -0.528** -0.755*** 0.177

(0.263) (0.281) (0.281)
Obs. 2679 2679 2678

First stage
Breech 2.38*** 2.40*** 2.37***

(0.297) (0.302) (0.304)

Notes: Bivariate probit estimates of emergency C-section (CS) – instrumented by breech
position – on potential mechanisms (maternal mental health, maternal inputs, breastfeeding);
the sample is made of individuals observed at both 9 months and 11 years (i.e. the non-
attrition units). The specification includes baseline controls, socio-economic characteristics,
and paternal information; the specification also includes hospital and month of birth fixed
effects. First stage estimates of emergency C-section on breech position are also reported.
Robust standard errors in parentheses, clustered at the individual level; *** p<0.01, ** p<0.05,
* p<0.1. Data source: MCS (2023).
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Chapter 3

Parental commuting and child non-cognitive
development: Evidence from the United Kingdom

Angelica Guzzon

Abstract

Longer commuting times are known to have a detrimental effect on the subjective well-being
and mental health of workers, but little is known about the impact longer commutes can
have on their children. By exploiting exogenous shocks to commuting time and rich survey
data from Understanding Society (UKHLS), a longitudinal study on a representative sample of
households in the United Kingdom, this paper investigates the effect of changes in commuting
time on the non-cognitive development of children. I find increases in maternal commuting
have no effect on the non-cognitive development of children at age 3 and 5, but a negative
impact on internalising behaviours at age 8; paternal commuting instead has no impact on
the non-cognitive skills of children. I also offer some evidence on the potential mechanisms
at play.

JEL codes: I1, J13, R41
Keywords: commuting, child outcomes, non-cognitive development, Understanding Society



3.1 Introduction

Commuting to work takes up a relatively large part of working adults’ everyday life; in the

United Kingdom the average daily commuting time (round trip) is 49 minutes (Giménez-Nadal

et al., 2022), with one person out of four spending over 40 minutes to reach their place of

work from their homes (UK Department for Transport, 2023). Most countries have observed

an increase in commuting time over the years (Giménez-Nadal et al., 2022), which has been

linked – amongst other factors – to the evolution of local labour markets (Martı́n-Barroso et

al., 2022). Longer commutes come to the detriment of leisure and home production time

(Gimenez-Nadal & Molina, 2015), with several unintended consequences.

For instance, a longer commuting time is known to negatively affect productivity and

increase absenteeism (van Ommeren & Gutiérrez-i-Puigarnau, 2011; Ma & Ye, 2019). This

negative impact also extends to other domains of one’s life, such as health: commuting has

been shown to have a negative impact on subjective health (Kunn-Nelen, 2015; Stutzer &

Frey, 2008), mental health (Gottholmseder et al., 2008; Roberts et al., 2011), sleep quantity

(Pfeifer, 2017), and medical service usage (Lim & Lee, 2023). There is also evidence of a

gender gap in commuting behaviours, with men reporting substantially longer commuting

times compared to women (White, 1986; Turner & Niemeier, 1997; Roberts et al., 2011);

this divergence in commuting time has been relatively stable over time (Crane, 2007). This

gender gap is reflected also on the consequences of commuting, which differ between men

and women: despite the lower amount of time spent commuting, the detrimental impact on

well-being (Jacob et al., 2019) and mental health (Roberts et al., 2011) is stronger for women

compared to men. Disparities in commuting are larger among married couples with children

and in heterosexual couples compared to same-sex ones (Oreffice & Sansone, 2023); these

persistent disparities are consistent not only with the hypothesis that local labor markets

are thinner for women (Jacob et al., 2019), but also with enduring gender-conforming social

norms that induce women to keep less remunerative jobs that are closer to home for the sake
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of not compromising housework and childcare.

Most of the research on commuting so far has focused on the impact on workers, but little is

known about the impact longer commuting times can have on their children. In particular, the

aforementioned health-related consequences of commuting raise concerns about a potential

impact on the well-being of children with working parents. To the best of my knowledge, so far

only two studies have tried to address a similar question. Li and Pollmann-Schult (2015) use

data from the German Socio-Economic Panel study and find fathers’ commute to be associated

with more problematic non-cognitive development in children; Dunifon et al. (2005) instead

conducted a small-scale study in the United States and found that mothers’ longer commuting

times are associated with higher levels of internalizing behaviours in school-aged children.

However, neither study is able to provide any causal evidence with respect to the impact of

parental commuting on the non-cognitive development of their children.

In addition, evidence on the transmissions channels through which commuting can affect

children’s non-cognitive outcomes is so far scarce. From the economic literature on parent-

ing, it is known that parents’ well-being is strictly linked to their children’s human capital

accumulation (Muhlenweg et al., 2015; Le & Nguyen, 2017). Since commuting is detrimental

to the mental health of women and mothers in particular (Roberts et al., 2011; Kunn-Nelen,

2015; Brömmelhaus et al., 2019), we might expect children of commuting parents – mothers

especially – to be also affected. An additional potential channel concerns the quantity and

quality of time spent by the parents in child-rearing activities (Hsin & Felfe, 2014; Del Bono

et al., 2016; Del Boca et al., 2013; Neidell, 2000). By virtue of decreasing an individual’s

time spent outside of work, which in the framework of this paper is given by the sum of

household production time (including child-rearing) and “true” leisure time (Gimenez-Nadal

& Molina, 2015), an increase in commuting necessarily affects either the former or the latter.

But evidence shows that when mothers spend more time at work they reduce their own

leisure and household chores before reducing any time investment in child-related activities

(Bastian & Lochner, 2022). Therefore it is possible a shock to commuting might induce a
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decrease in an individual’s leisure time, but not in the time spent with their children. Not just

quantity, but also quality matters to parental time investments. For example, the time spent on

childcare-related activities by highly educated mothers is twice as productive as that spent by

mothers with lower education (Brilli, 2022), while some parenting activities are more produc-

tive than others (e.g. time spent on educational or structured activities is more productive than

time spent on unstructured parenting activities) (Hsin & Felfe, 2014). The interplay between

child-rearing, work and well-being is also extremely important (Cheng et al., 2021). Childcare

(formal childcare in particular) – by virtue of relieving one’s burden with parenting, but also

having a direct effect on the child – is another potential transmission channel. Childcare is

known to improve non-cognitive outcomes in children at least in the short-to-medium term

(Del Boca et al., 2021), while some forms of informal childcare are actually detrimental to the

child’s non-cognitive development (Datta Gupta & Simonsen, 2010).

In this paper, I address these gaps in the literature by leveraging potentially exogenous

shocks to commuting time1 as first proposed by Gutiérrez-i-Puigarnau and van Ommeren

(2014), a methodology also used by Jacob et al. (2019) to study the impact of commuting on

subjective well-being. The core idea is to consider as potentially exogenous those changes in

commuting time that occur when holding an individual’s household location, job for a given

employer, and main mode of transportation constant. I use data from the UK Household

Longitudinal Study (UKHLS), a longitudinal survey on a representative sample of households

in the United Kingdom. In particular, I explore the relationship between commuting and

children’s non-cognitive development – as measured through the Strengths and Difficulties

Questionnaire (SDQ) scale – for working mothers and fathers separately, as it is known in the

literature that maternal and paternal time inputs have different productivity levels (Del Boca

et al., 2013; Hallberg & Klevmarken, 2003). To address any residual confounding, I employ

doubly robust matching techniques.

The quantity and quality of time spent on child-rearing activities differ between mothers

1Commuting time and commuting distance are usually highly correlated and therefore in most studies only
one of these two measures is used – usually the former, as it is more commonly reported in surveys.
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and fathers (Hsin & Felfe, 2014; Del Bono et al., 2016), as does the type of parental activities

carried out (Garcia Roman & Cortina, 2015); I use the information on time use, childcare

and parenting present in the UKHLS questionnaires to offer some evidence on the potential

mechanisms through which maternal and paternal commuting shocks might affect children.

I find increases in maternal commuting have no effect on the non-cognitive development of

children aged 3 and 5 years, but a potential negative impact in terms of internalising behaviour

at age 8. These results are in line with the notion of mothers sacrificing their own leisure time

in order not to disrupt their home production and childcare responsibilities – at least when the

children are particularly young. With respect to fathers instead, I find that shocks to commuting

have no significant impact on their children’s non-cognitive development at any age, possibly

in line with the studies that suggest paternal time is less productive than maternal time in

terms of children’s human capital (Del Boca et al., 2013).

Policy-makers should increase support to working parents with young children, and focus

in particular on mothers, who tend to bear most of the burden when a shock relative to time-

use occurs in the family. Additional work flexibility and less adherence to gender-conforming

norms could be potential solutions.

The rest of the paper is organised as follows. Section 3.2 expands on the background and

related literature. In Section 3.3 I describe the empirical strategy, while Section 3.4 presents the

data. Section 3.5 provides details on the samples being analysed, while Section 3.6 describes

the main results. In Section 3.7 I discuss the potential mechanisms, list the limitations to this

study, and conclude.

3.2 Background

So far, the vast majority of the literature on commuting has focused on its effects on workers.

Longer commuting times lead to lower productivity as they induce absenteeism, by acting on

the time component of commuting costs (van Ommeren & Gutiérrez-i-Puigarnau, 2011; Ross

& Zenou, 2008), but also through an effect on the physical and mental health of workers (Ma
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& Ye, 2019).

More specifically, Kunn-Nelen (2015) studies the relationship between commuting time

and health in the UK using British Household Panel Survey (BHPS) data, and looks at subjective

versus objective health measures, but also at health behaviours and healthcare use. She finds

subjective health measures to be lower for people with longer commutes, who are also

visiting their general practitioner more often; an increase in the use of medical services

among commuters has also been reported by Lim and Lee (2023). Stutzer and Frey (2008)

likewise report a negative relationship between subjective health measures and length of

commuting when using panel data for Germany, and offer some behavioural explanations

such as risk aversion and lack of ability to assess the real cost of commuting for their well-

being. Commuting also has an impact on sleep quantity (Pfeifer, 2017), which is strictly related

not only to health (Cappuccio et al., 2010) but also to cognition (Giuntella et al., 2017).

In addition, commuting length is known to affect mental health. Gottholmseder et al.

(2008) find that a longer time to travel to work increases the perceived stress level in a

sample of Austrian employees, with the predictability of the commute also playing a role in

the perception of stress. Roberts et al. (2011) use BHPS data in a fixed effects framework

to investigate the effect of commuting on mental health, and they find that commuting is

detrimental for the mental health of women, but not that of men; this higher sensitivity of

women to commuting length is explained by their time-use – for women bear the primary

responsibility for day-to-day household tasks and child-rearing – and does not seem to be

linked to their weaker occupational position. Kunn-Nelen (2015) also notes that the impact

of commuting on subjective well-being is more pronounced for women, as do Feng and

Boyle (2013) when looking at mental health. A gender gap in the effect of commuting on

well-being is also highlighted by Jacob et al. (2019), who explain its existence by citing the

thinness of the local labour markets faced by women – especially those working full-time and

in managerial positions. Le Barbanchon et al. (2020) note women value commuting time 20%

more than men. In addition, there is evidence of the fact that commuting patterns of men and
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women diverge immediately after childbirth and the resulting difference persists for at least a

decade (Butikofer et al., 2023), whereas for men the transition to fatherhood has no impact

on commuting distance (Skora et al., 2020).

Some studies on commuting have gone beyond the individual dimension and focused on

the dynamics and spillover effects on couples. Carta and De Philippis (2018) study how the

commuting time of husbands affects time allocation in the family using longitudinal survey data

for Germany, and they find increases in commuting time for husbands might decrease wives’

employment probability and increase their own working hours; they also find effects are larger

for couples with children and with more educated husbands, and the main channel they identify

is that of increased labour specialization within the household. Wheatley (2014) focuses on

dual career households using BHPS data to look at the interaction between commuting,

time-use and well-being, and he finds evidence of inequality in the household division of

labour which limits women’s flexibility and therefore explains shorter commutes. Lersch and

Kleiner (2016) use the same dataset to explore changes in commuting when transitioning from

singlehood to co-residential unions, and they find men increase their commute while no effect

is detected for childless women; women with children instead reduce their commute, with

the likely mechanism being additional domestic responsibilities. Albanese et al. (2022) find

mothers are more likely to give up non-local employment compared to fathers. Brömmelhaus

et al. (2019) use German panel data on households to study the spillover effects within

couples of commuting times on subjective well-being, and they find a negative effect only

for women with children; they also note the lack of a substantial impact on men might be

due to their partners compensating for the negative effects of commuting, with adherence to

traditional gender role models. Additional evidence that enduring gender-conforming social

norms play a role in explaining gender disparities in commuting is brought forth by Oreffice

and Sansone (2023), who compare heterosexual and same-sex couples and find differences in

commuting length are larger between heterosexual partners versus same-sex partners – even

after controlling for the presence of children.
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So far, little is known about the impact of parental commuting length on children. Dunifon

et al. (2005) conducted a small-scale study in the United States on children of single mothers

transitioning from welfare to employment; they found mothers’ longer commuting times

are associated with higher levels of internalizing behaviours in school-aged children. Li and

Pollmann-Schult (2015) use cross-sectional data from the German Socio-Economic Panel

study to investigate the association between fathers’ commuting and children’s social and

emotional well-being (as measured with a modified version of the SDQ scale) at the age of

5 or 6. They find a lengthier paternal commute to work is associated with more behavioural

and emotional problems, and time spent on childcare is not a mediator of the relationship.

Due to data limitations, neither study is able to draw causal conclusions from their results.

Looking beyond the literature on commuting, children of parents with irregular (or night)

working schedules are reported to fare worse in terms of emotional health (Dockery et al.,

2016; Kaiser et al., 2017; Li et al., 2022), and parental work-family conflicts – described as the

dynamics behind the reconciliation of work and family life – are also known to be detrimental

for the non-cognitive development of children (Dinh et al., 2017).

I advance the literature on the impact of commuting by exploring the effect of commuting

on the non-cognitive development of working parents’ children at different age points, ex-

ploiting exogenous shocks to commuting time and addressing potential confounding through

the use of matching techniques. I do so taking into account the different productivity levels

of the time spent on parenting by mothers and fathers (Del Boca et al., 2013), and use rich

panel data to explore some of the plausible underlying mechanisms linking commuting and

children’s mental health. By doing so, I also contribute to the literature on parental time-use

(see Hamermesh and Polachek (2023) for an overview), and to the literature on the determi-

nants of the mental health and well-being of children (see Currie and Almond (2011) for an

overview).
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3.3 Empirical strategy

Following Gutiérrez-i-Puigarnau and van Ommeren (2014), my empirical strategy relies on an

exogenous definition of shocks to commuting time: I interpret as potentially exogenous the

increases in commuting time that occur when an individual’s household location, job for a

given employer, and main mode of transportation are kept constant between t−1 and t0. In

this setting, t0 is the UKHLS wave where the age-specific child outcomes are observed and

from which I derive parental characteristics and commuting times at baseline, and t−1 is the

previous wave2. By making sure the individual has not moved address and has not changed

their job or employer between t−1 and t0, changes in utility due to the housing and job market

conditions are excluded. The underlying assumption is that these individuals, who are likely

experiencing either a change in the local travel infrastructure or a change in workplace location

but not in their occupation or employer, are unable to affect directly local transport conditions

or their employer’s strategical decisions.

An individual (and by extension, their child or children) is considered as treated whenever

they report, between t−1 and t0, an increase in the reported one-way commuting time of 10

minutes or more. Controls are instead comparable individuals (i.e. working parents with no

changes in address, employment and mode of transportation) who experience no change in

commuting time between t−1 and t0.

I estimate the following empirical model, for mothers and fathers separately:

Yit0 = α + βTit0 + X
′

it−1γ + δλit−1 + εit0

where Yit0 is the main outcome for the child of the working parent i at t0, Tit0 is an indicator

that tells us whether individual i had or not a commuting shock (an increase in commuting

time of at least 10 minutes) between t−1 and t0, β identifies the treatment effect of interest,

2To minimize sample losses, in case no information is available for t−1 – as is the case for study participants
who might have skipped the questionnaire for a given wave for whatever reason – I compare the baseline
characteristics with those reported two waves earlier.
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Xit−1 is a vector of predetermined characteristics related to either the parent (age at the birth

of the child, highest level of education achieved, socio-economic conditions, etc.) or the child

(sex, birth-related conditions), λit−1 are year of birth fixed effects3 and, finally, εit0 is the error

term.

The arbitrary choice of a 10-minute threshold4 for the commuting shock has been made

as a compromise considering the trade-off between having a neat identification strategy and

maintaining a viable sample size: a smaller threshold could potentially lead to measurement

errors and introduce bias5, whereas a larger threshold would reduce too much the number of

treated units. A one-way commuting time increase of 10 minutes accrues to a 40% growth in

the time spent travelling to (and from) work when considering the daily average commuting

time in the UK6; both Gutiérrez-i-Puigarnau and van Ommeren (2014) and Jacob et al. (2019)

consider instead an increase of 5 minutes or more, corresponding to a 20% growth of the

daily average commuting time.

A potential caveat to the framework so far described is that – given the lack of information

on workplace premises7 – some employees might be specifically selected by the employer

to change location, on the basis of some unobserved characteristics that act as confounders.

To ensure this is unlikely to be the case, I make sure proxy variables for income and job

satisfaction are constant between t−1 and t0 (see Section 3.6).

To reduce additional potential confounding, possible identification strategies could rely on

fixed effects approaches, such as sibling fixed effects or child fixed effects models (see Sjölander

et al. (2022) for an overview); these models are useful to estimate causal effects while ruling

3I do not include wave fixed effects to avoid issues with collinearity, considering I am already using year of
birth fixed effects: given that my outcomes are age-specific, individuals of the same age being interviewed in the
same wave would be approximately born in the same year.

4Results when considering alternative thresholds are presented in Appendix D.
5Rounding and heaping are two common measurement errors in time-use research (Varotto et al., 2017).
6I operate under the assumption the time spent going to work is equal to the one spent going back home

using the same mode of transportation, as the UKHLS questionnaire does not make any distinction between the
two legs of the daily commute.

7Individuals are not asked about their work premises’ location, therefore it is possible for an individual to be
working the same job and for the same employer but at a different location (e.g. one could still be a clerk at the
same supermarket chain but in a different location).
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out a potential unobserved family-related confounding. Sibling fixed effects models entail the

comparison of age-specific non-cognitive outcomes in siblings born in different years, and

who would therefore be differentially exposed to the parental commuting shock as defined

above. Yet, due to to the potential bias caused by spillover effects between siblings (Chi et

al., 2023) and to the small number of sibling pairs in the sample at hand, this approach is not

viable. Similarly, the need to rely on age-specific outcomes (see Section 3.4.1 below for details)

precludes the use of child fixed effects models. Matching methods are therefore employed

to reduce confounding. This identification strategy – based on selection on observables –

relies on the validity of the conditional independence assumption, which cannot be tested. To

mitigate unobserved heterogeneity, I rely on rich survey data as provided by the UKHLS survey.

The variables selected to match controls and treated individuals are based on characteristics

observed prior to treatment, i.e. observed at t−1. To address potential omitted variable bias,

the sensitivity of results is assessed with the Oster (2017) approach (see Section 3.6.2).

Matching methods are used to balance the covariate distributions across treated and con-

trol groups. The primary matching approach employed in this setting to identify consistent

causal effects is Inverse Probability Weighted Regression Adjustment (IPWRA), a doubly ro-

bust estimation technique that produces average treatment effect estimators with good finite

sample properties and which are robust to model misspecification8 (Wooldridge, 2007; Im-

bens & Wooldridge, 2009; McCaffrey et al., 2013; Słoczyński & Wooldridge, 2017). These

estimators use the inverse of the instrument propensity score to weigh the objective functions

and estimate the treatment propensity score and the conditional mean of the response. Using

IPWRA modelling I estimate Average Treatment Effects on the Treated (ATETs).

8The treatment effect is unbiased as long as either the outcome regression model or the propensity score is
correctly specified.
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3.4 Data

I use data from Understanding Society, also known as the UK Household Longitudinal Study

(UKHLS), a longitudinal survey on a representative sample of households in the United King-

dom that began in 2009, building on the now defunct British Household Panel Survey (BHPS)

(University of Essex & ISER, 2023). The study tracks individuals of all ages and it follows a

genealogical design, meaning that children of participating parents continue being tracked

when they form new households of their own; as of Wave 13 40,000 households are included

in the sample. In particular I rely on data from the first nine waves, from 2009 to 2019; waves

from 2020 onwards are not considered to avoid any overlap with the COVID-19 pandemic9.

3.4.1 Dependent variables

The main outcome I consider is the non-cognitive development of children, which is measured

with different survey instruments depending on the age of the child. At age 5 and 8 the

instrument employed is the Strengths and Difficulties Questionnaire (SDQ), a widely used

measure of child mental health (R. Goodman, 1997). This is a 25-item screening instrument

used to assess emotional and behavioural problems in children and adolescents (from 4 to

17 years); the test can be administered to parents or teachers, and to children themselves

if aged 11 years or older (A. Goodman & Goodman, 2009). Items are scored to create a

Total Difficulty Score that ranges from 0 to 40. In addition, the 25 items can be divided into

five subscales, which in turn can be used to derive measures of internalising and externalising

behaviour (A. Goodman et al., 2010); see Appendix A for details. In UKHLS, the SDQ screening

instrument is administered to parents of children aged 5 and 8 at all waves starting from Wave

3.

The SDQ test is not validated to be used for children younger than 4. In its place, in UKHLS

9The fieldwork for UKHLS Wave 9 was conducted from January 2017 to May 2019, while that for UKHLS
Wave 10 went from January 2018 to May 2020, partially overlapping with the COVID-19 pandemic. To avoid
introducing heterogeneity in the sample I avoid altogether all waves affected by COVID-19, including Wave 10.
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at age 3 we observe a measure of the child’s temperament, i.e. the way an individual responds

to the world in terms of emotion, motor activation, self-regulation and reaction to stimuli.

Temperament is seen in developmental psychology as a risk factor for behavioural disorders,

and as a marker of vulnerability to environmental conditions (Rothbart & Derryberry, 2002). In

addition, temperament measures in toddlers have been shown to be able to predict emotional

and behavioural problems later in childhood and are correlated with SDQ scores at older ages

(Peterson et al., 2018; Shiner et al., 2012; Kostyrka-Allchorne et al., 2019).

The UKHLS survey follows the German Socio-Economic Panel’s lead and uses a shortened

version of the Infant Behaviour Questionnaire (IBQ) (Rothbart, 1981), comprised of six items

that measure two dimensions of temperament in children, affect and activity (see Appendix A

for details). I create a summary index following Anderson (2008), i.e. by using a Generalized

Least Squares (GLS) weighting procedure that assigns smaller weights to highly correlated

indicators and viceversa, with the aim of increasing efficiency and reduce noise compared to

individual variables (Schwab et al., 2020). Just like SDQ scores, the measure of temperament

is observed for children aged 3 at the time of the interview, at all waves starting from Wave 3.

The use of parent-reported measures of non-cognitive development such as SDQ scores

comes with strengths and weaknesses. Among the former there is sensitivity to change (Stone

et al., 2010); in addition, parental assessments tend to capture a dimension of a child’s non-

cognitive development that is sensitive to socio-economic conditions (Boman et al., 2015).

SDQ score is a robust measure of mental health especially when reported from multiple

sources (e.g. when both parent and teacher SDQ reports are available) (Stone et al., 2010). In

the absence of teacher-reported scores – as is the case in UKHLS – we need to be aware that,

compared to teachers, parents tend to report more behavioural issues (Murray et al., 2021b),

and that the time spent with children has an impact on how parents answer to the SDQ scale

(Stone et al., 2010).
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3.4.2 Independent variable

As anticipated in Section 3.3, my identification strategy relies on exploiting exogenous shocks

to the average time devoted to commuting, provided an individual reports no changes in terms

of residence address, occupation for a given employer, and main mode of transportation.

At all waves, employed individuals are asked about the average length of their one-way

commute, with the following question: “About how much time does it usually take for you

to get to work each day, door to door (in minutes)?”. The question is asked only to those

individuals who report having as their main work location the employer’s premises, i.e. I am

effectively excluding from my sample those individuals who are mainly working from home.

I retrieve this measure at baseline (or t0), i.e. in the same wave where I measure the child’s

outcomes, and at t−1, i.e. in the previous wave. The variation between the time reported at

t0 and at t−1 enables me to define whether an individual (and, by extension, their child or

children) is treated or not – as detailed in Section 3.3.

To observe individuals who have not changed home address I rely on the survey question

“Have you lived at this address continuously since the last time we interviewed you?”. Similarly,

I use the question “Do you have the same job for the same employer?” to identify individuals

who have kept, between t−1 and t0, the same occupation and the same employer. In addition,

to ensure comparability of the commute duration and to avoid introducing additional hetero-

geneity in my analysis (considering e.g. that mode of commuting is known to affect health and

mental conditions – see e.g. Jacob et al. (2020)), I consider only those individuals who report

no change in the main mode of transportation used to travel to work10.

10The relevant survey question is “How do you usually get to your place of work?”. Answers have been recoded
as follows: “Car (including lifts, taxi)”, “Motorbike/scooter”, “Public transport” (including metro, bus, train)”,
“Bike”, “Walking”, and “Other”.
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3.4.3 Controls

Controls include characteristics usually considered in the literature on child development. The

sex of the child is known to have an impact on early child development (Ebert & Vollmer,

2022), also through its effect on parental investments (Leung & Zhang, 2008; Barcellos et al.,

2014). Birth order also has an impact on non-cognitive abilities, due to the fact that they are

exposed to worse home environments and parents make lower human capital investments in

later-born children (Black et al., 2016, 2018); birth order has been derived by exploiting the

UKHLS family matrix and ordering the (natural) children born to the same mother. Birthweight

is also a predictor of later health (Behrman & Rosenzweig, 2004; McGovern, 2018), and has an

impact on human capital formation (Almond & Currie, 2011; Chyn et al., 2021); information

on birthweight is recovered retrospectively in UKHLS, together with other information on the

circumstances of a child’s birth. I also control for gestational length (measured in weeks), as

a proxy of a child’s early health conditions.

With respect to maternal (paternal) characteristics, I control for the maternal (paternal)

age at birth and for ethnicity (Elder & Zhou, 2021); for ethnicity I use a dummy variable equal

to 0 for White and equal to 1 for any non-White background (including Black, Asian, and

Mixed). Parental education is an important predictor of human capital formation in children

(de Coulon et al., 2011); for example, we know highly educated mothers are more productive

in terms of time inputs compared to their low-education counterparts (Brilli, 2022). I use

information on the highest level of education achieved up to t−1 as reported in the UKHLS

dataset, distinguishing between those with an education level which is “Less than high school”

(for those with no qualifications); “High school” (equivalent to having A-levels or GCSEs or

other equivalent qualifications); and “At least some university” (for those who report having

a degree of any type, or other equivalent qualifications). Marital status is recovered at t−1,

and in particular I use a dummy variable to distinguish between partnered (either married or

cohabiting) and single individuals. In addition, I control for maternal (paternal) self-reported

health at t−1; self-reported health is assessed on a 1 to 5 Likert scale, with the options being
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“Poor”, “Fair”, “Good”, “Very good” and “Excellent”.

In terms of socio-economic conditions, I use an indicator to distinguish between individuals

living in urban versus rural areas. I also control for the (subjective) financial situation at t−1:

respondents are asked to assess their current financial situation (“How well would you say

you yourself are managing financially these days?”) using again a 1 to 5 Likert scale, with the

possible answers being “Very difficult”, “Quite difficult”, “Just getting by”, “Doing alright”,

and “Living comfortably”.

Additional controls concern other work and family arrangements. In particular, I control

for the amount of work hours in a week (defined as the sum between the number of hours

normally worked per week, and the hours of paid overtime usually done in a normal week). I

also use a dummy variable to distinguish between full-time and part-time workers. In terms of

family arrangements and specifically childcare, I use a dummy variable equal to 1 in case the

respondent reports using (at t−1) any type of childcare, defined as any type of care carried out

by anyone other than the resident parents (i.e. including both formal and informal childcare11).

In even waves, the UKHLS questionnaire includes a module on work conditions; this

module includes questions on the flexible working arrangements formally and informally

available to the respondent. In particular, with respect to formal flexible working provisions

employed respondents are asked “If you personally needed any, which arrangements are

available at your workplace?”12; I use a dummy variable equal to 1 if at least one option

is mentioned, and 0 otherwise. Working respondents are also asked about informal flexible

working allowances (“Aside from any formal arrangements for flexible working you have, are

you able to vary your working hours on an informal basis, for example by re-arranging your

start or finish times if you need to?”); I use this information to construct another dummy

variable (1 if the answer is affirmative, and 0 otherwise). Given that these questions are not

11Formal childcare includes nursery schools, workplace creches, and the like; informal childcare describes
care provided by a nanny/babysitter, a grandparent, an older sibling, or any other individual.

12The list of arrangements considered includes: part-time working, working term-time only, job sharing, flexi-
time, working compressed hours, working annualised hours, working from home on a regular basis, zero-hours
contracts, on-call working, and other flexible working arrangements.
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asked in every wave, the latest available information pre-commuting shock is used. Despite

this, information on flexible working arrangements is not available for the whole sample,

therefore these two dummy variables are not considered as regressors in the main analysis.

In Appendix B I report results when including flexible working variables among the regressors

(they do not differ in significance and magnitude from those in the main analysis).

3.4.4 Mechanisms

With respect to the potential mechanisms through which parental commuting could affect

children’s non-cognitive development, an important one is the health status and mental health

condition of a parent. I use the self-reported health status reported by both parents at t−1 and

at t0 to derive a measure of the variation in health between t−1 and t0; as an additional

measure of health, I also consider the variation, between t−1 and t0, in satisfaction with one’s

own health13. To measure instead mental health I use the frequency14 reported as an answer

to the question “How often have you felt downhearted and depressed in past 4 weeks?” to

measure the variation in mental health between t−1 and t0. As an alternative measure of general

well-being and contentedness, the variation in satisfaction with one’s life overall is considered.

Considering work is an important determinant of one’s well-being (Schaller & Stevens,

2015), I also look at two measures of job satisfaction: the variation, between t−1 and t0,

in satisfaction with one’s job, and the variation in satisfaction with one’s income15. These

measures are also helpful in assessing the reliability of the treatment in use (as anticipated in

Section 3.3).

Other important transmission channels are the quality and quantity of parental time invest-

ments. In absence of actual information on time use, as a proxy for parental time investments I

look – for mothers alone16 – at the frequency at which the respondent reads to the child (“How

13Which is measured on a 7-point Likert scale.
14“All of the time”, “Most of the time”, “Some of the time”, “A little of the time”, and “None of the time”.
15Both are again measured on a 7-point Likert scale.
16The question is asked only to the main caregiver, who happens to be the mother in the vast majority of

cases.
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often do you read to [your child]?”). For both mothers and fathers I also look at the variation,

between t−1 and t0, in the degree of satisfaction with one’s leisure time17; the satisfaction

with one’s leisure time is used as an indicator of the amount of leisure the respondent has

(which is not directly reported in the UKHLS questionnaire). As mentioned in the Introduction,

a decrease in leisure time while controlling for the time spent at work would be an indirect

measure of the time spent on household production (including child-rearing).

Finally, I also consider the amount of childcare used. With respect to the dataset at hand,

I will look at the variation, between t−1 and t0, in the probability of making use of (any type

of) external help for childcare; this measure is constructed by looking at the variation in the

dummy variable that tracks using any type of childcare (other than the resident parents). This

measure is available only for mothers, as they are predominantly the main caregiver of the

children in the sample, and only the main caregiver is administered the questionnaire module

concerned with childcare.

3.5 Sample

In my sample I consider children who have at least one reported measure of non-cognitive

development (at 3, 5 or 8 years), and who have at least one working parent who is a commuter;

being a commuter is defined as being employed (at both t−1 and t0), and reporting a non-

zero one-way commute (in minutes) at both timestamps. The requirement to have a non-

zero commute effectively excludes employees who mainly work from home (in the UKHLS

questionnaire respondents are asked what their main work location is). In addition, and as

anticipated in Section 3.4.2, I only consider those commuters who at t0 report living at the

same address as reported at t−1, and who have the same job and work for the same employer

as in t−1. This leaves me with a sample of 2,344 observations.

I run my analysis separately for mothers and fathers, as maternal and paternal time inputs

differ in terms of productivity (Del Boca et al., 2013). I also run my analysis separately for each

17Answers range from “Completely dissatisfied” to “Completely satisfied”, on a Likert scale from 1 to 7.
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specific age point (3, 5 and 8 years). In the sample I use to analyse maternal commuting shocks

I consider, relying on the logic described above, children with commuting mothers, who can

be either partnered (married or in a cohabiting union) or single; the resulting sample is of

1,490 observations. Descriptives for the three age-specific samples are reported in Table 3.1.

Across all three samples, around 20% of observations are treated, i.e. the child’s mother has

a commuting shock. Whereas by definition control observations report a difference in com-

muting time equal to zero, treated mothers have differences in commuting time as depicted

in Figure 3.1.

In terms of sex composition, the samples at age 3 and 8 are balanced, whereas males

are overrepresented at age 5 (with females being 46% of the sample). With respect to socio-

economic characteristics around 14% of the observations have a non-White background,

and one child out of four lives in a rural rather than an urban area. In terms of maternal

characteristics, the average age at birth is approximately 32, and it rises as the age of the child

lowers (and therefore the year of birth is more recent) – this is consistent with the trend of

maternal age increasing in the past decades. In terms of marital status, 93% of mothers have

a cohabiting partner in the sample of 3 year-olds, while only 87.8% of 8 year-olds have a

mother who is either married or living with a partner. Over half of the mothers in the three

samples are part-time workers, and the weekly amount of hours worked is around 28 across

all samples.

Figure 3.1. Difference in commuting for treated mothers
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Table 3.1. Summary statistics (age-specific samples) – maternal analysis

Age 3 Age 5 Age 8

Variable Mean SD Min Max Obs. Mean SD Min Max Obs. Mean SD Min Max Obs.

Temperament -0.13 0.47 -0.606 1.993 493 – – – – – – – – – –
SDQ (Total) – – – – – 7.341 4.794 0 26 552 7.641 5.511 0 31 654
SDQ (Int.) – – – – – 4.938 3.279 0 16 552 2.841 3.012 0 16 654
SDQ (Ext.) – – – – – 2.402 2.481 0 15 552 4.8 3.516 0 19 654

Treatment 0.20 0.40 0 1 493 0.205 0.404 0 1 552 0.203 0.403 0 1 654
Diff. in comm. time 3.39 8.27 0 72 493 3.73 9.529 0 89 552 3.505 9.287 0 115 654

Year of birth 2011.2 1.77 2008 2015 493 2009.1 1.854 2006 2013 552 2006.2 1.897 2003 2011 654
Sex 0.50 0.50 0 1 493 0.464 0.499 0 1 552 0.501 0.5 0 1 653
Birth order 1.76 0.81 1 6 493 1.707 0.822 1 5 552 1.74 0.83 1 6 654
Birtweight (kg) 3.46 0.62 0.68 7.2 447 3.497 0.693 0.68 8.165 493 3.401 0.601 0.595 5.471 587
Gest. length (weeks) 39.75 1.83 26 49 447 39.891 2.162 25 56 495 39.683 2.142 25 44 590
Age at birth (mother) 32.45 4.83 19 47 493 31.9 4.827 17 48 552 31.849 5.075 19 45 654
Ethnicity 0.13 0.33 0 1 491 0.143 0.35 0 1 547 0.143 0.35 0 1 652
Education (mother) 2.65 0.50 1 3 491 2.579 0.519 1 3 551 2.535 0.532 1 3 652
Marital status (mother) 0.93 0.26 0 1 493 0.915 0.279 0 1 552 0.878 0.328 0 1 654
Self-ass. health (mother) 3.88 0.88 1 5 485 3.915 0.858 1 5 539 3.839 0.872 1 5 644
Workhours (mother) 28.62 10.88 2 82 486 28.371 10.775 2 62.5 547 28.53 11.506 2 100 647
Part-time (mother) 0.53 0.50 0 1 493 0.536 0.499 0 1 550 0.549 0.498 0 1 652
Childcare at T-1 0.86 0.35 0 1 491 0.754 0.431 0 1 548 0.682 0.466 0 1 650
Rural 0.24 0.43 0 1 492 0.262 0.44 0 1 550 0.277 0.448 0 1 653
Financial distress 3.83 0.87 1 5 493 3.809 0.867 1 5 551 3.795 0.873 1 5 653

Diff. in maternal health -0.07 0.80 -3 3 491 -0.123 0.83 -3 3 545 -0.011 0.746 -3 4 650
Diff. in mat. mental health 0.06 0.91 -2 4 490 0.024 0.896 -3 3 545 0.028 0.951 -4 3 649
Reading to child 5.64 0.69 1 6 493 5.585 0.687 2 6 552 4.628 1.321 1 6 654
Diff. in leisure 0.02 1.59 -6 6 491 0.112 1.66 -5 6 545 0.12 1.522 -6 4 650
Diff. in childcare -0.02 0.38 -1 1 492 -0.029 0.435 -1 1 549 -0.031 0.443 -1 1 651
Diff. in satisf. with income 0.020 1.498 -6 5 491 0.099 1.549 -6 6 545 0.250 1.604 -6 6 649
Diff. in satisf. with life -0.116 1.390 -6 6 491 0.002 1.539 -6 6 545 0.155 1.542 -6 6 650
Diff. in satisf. with job -0.099 1.390 -5 5 493 -0.076 1.368 -6 6 551 0.000 1.328 -6 6 653

Notes: Descriptive statistics for the dependent variables, main independent variable, control variables and potential mechanisms in the maternal analysis – by age-specific sample (3, 5 and 8 years). For
each variable mean, median, standard deviation (SD), minimum (Min) and maximum (Max) values are reported, together with the number of observations (Obs.). Data source: UKHLS (2023).
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With respect to the analysis of paternal commuting shocks, I follow the same logic applied

to the maternal analysis, but in addition I only consider non-single commuting fathers, as the

amount of children with single fathers and non-missing information in terms of birth-related

variables (birthweight, gestational length, etc.) is negligible. The resulting sample is of 1,257

observations. I report descriptive statistics for the three age-specific samples in Table 3.2.

Across the three samples, 20-22% of observations are treated, i.e. the children’s work-

ing fathers report a commuting shock. Like for the maternal sample, control observations

report a difference in commuting time equal to zero, while treated fathers have differences in

commuting time as depicted in Figure 3.2.

Females go from being underrepresented at age 5 (46.5%) to being overrepresented at age

8 (52%). 16-18% of the sample comes from a non-White background, and 23% lives in a rural

area. Part-time work among fathers is uncommon across all three samples (below 5%), and

the average amount of hours worked on a weekly basis (overtime included) is 43. Just like for

mothers we can observe an increase in paternal age as the sample gets younger.

Figure 3.2. Difference in commuting for treated fathers
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Table 3.2. Summary statistics (age-specific samples) – paternal analysis

Age 3 Age 5 Age 8

Variable Mean SD Min Max Obs. Mean SD Min Max Obs. Mean SD Min Max Obs.

Temperament -0.027 0.598 -0.606 3.141 434 – – – – – – – – – –
SDQ (Total) – – – – – 7.576 5.061 0 29 495 7.231 5.163 0 30 516
SDQ (Int.) – – – – – 4.879 3.263 0 16 495 4.612 3.362 0 15 516
SDQ (Ext.) – – – – – 2.697 2.761 0 16 495 2.618 2.751 0 17 516

Treatment 0.198 0.399 0 1 434 0.216 0.412 0 1 495 0.227 0.419 0 1 516
Diff. in comm. time 4.498 14.144 0 150 434 5.608 19.239 0 300 495 5.32 14.995 0 178 516

Year of birth 2011.1 1.86 2008 2015 434 2009.1 1.866 2006 2014 495 2006.4 1.852 2003 2011 516
Sex 0.495 0.501 0 1 434 0.465 0.499 0 1 495 0.519 0.5 0 1 516
Birth order 1.841 0.838 1 5 434 1.889 0.896 1 6 495 1.731 0.783 1 5 516
Birtweight (kg) 3.434 0.599 0.81 4.933 378 3.482 0.675 0.595 8 436 3.381 0.629 0.595 5.783 455
Gest. length (weeks) 39.815 1.977 25 47 379 39.78 2.154 25 43 440 39.645 2.082 25 44 459
Age at birth (father) 34.691 5.727 20 58 434 34.347 5.936 20 56 495 33.663 5.542 18 58 516
Ethnicity 0.169 0.376 0 1 431 0.157 0.364 0 1 492 0.187 0.39 0 1 514
Education (father) 2.471 0.54 1 3 431 2.486 0.547 1 3 494 2.493 0.56 1 3 511
Self-ass. health (father) 3.721 0.888 1 5 423 3.79 0.873 1 5 477 3.81 0.873 1 5 495
Workhours (father) 42.999 8.578 12 100 263 43.273 9.839 2 100 306 43.104 9.196 0.1 98 336
Part-time (father) 0.041 0.2 0 1 434 0.048 0.215 0 1 495 0.047 0.211 0 1 513
Rural 0.238 0.426 0 1 433 0.225 0.418 0 1 494 0.229 0.42 0 1 516
Financial distress 3.857 0.859 1 5 434 3.887 0.851 1 5 495 3.893 0.896 1 5 516

Diff. in paternal health -0.028 0.751 -3 3 426 -0.08 0.784 -3 3 486 -0.101 0.726 -3 2 496
Diff. in pat. mental health 0.071 0.942 -3 4 425 0.021 0.909 -4 4 485 0.006 0.999 -3 4 495
Diff. in leisure 0.028 1.544 -6 5 426 -0.043 1.566 -6 5 484 0.147 1.586 -5 6 495
Diff. in satisf. with income -0.075 1.482 -6 5 426 -0.014 1.437 -5 5 485 -0.020 1.496 -5 6 495
Diff. in satisf. with life -0.167 1.383 -6 5 426 -0.056 1.396 -5 5 485 -0.014 1.529 -5 5 495
Diff. in satisf. with health -0.019 1.718 -6 5 426 0.157 1.781 -6 6 485 0.135 1.825 -5 6 495
Diff. in satisf. with job -0.108 1.253 -5 5 434 -0.093 1.200 -4 5 495 -0.054 1.348 -5 6 516

Notes: Descriptive statistics for the dependent variables, main independent variable, control variables and potential mechanisms in the paternal analysis – by age-specific sample (3, 5 and 8 years). For
each variable mean, median, standard deviation (SD), minimum (Min) and maximum (Max) values are reported, together with the number of observations (Obs.). Data source: UKHLS (2023).
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3.6 Results

3.6.1 Main results

In this section I present results to the main analysis, which is carried out on age-specific

outcomes at 3, 5 and 8 years of age. I start with the analysis of maternal commuting shocks,

and first present – in Table 3.3 – the standardised difference in means before (raw) and after

(weighted) the weighting procedure. The covariates used for the weighting procedure are all

time-invariant or measured pre-treatment (i.e. at t−1). After the procedure all the standardised

differences are close to zero or at any rate close to the 5% cutoff, which is reassuring as it

ensures the two groups are comparable; the same goes for the difference in means p-values

before and after the weighting procedure (Table 3.4), with the sole exception of the variable

for financial distress in the sample at age 5.

Table 3.3. Balance table, maternal sample (standardised difference in means)

3 years 5 years 8 years

Std. diff. means Std. diff. means Std. diff. means

Variable Raw Weighted Raw Weighted Raw Weighted

Female 0,023 -0,036 -0,109 -0,031 -0,157 0,007
Birth order -0,101 -0,018 0,033 0,031 -0,206 0,007
Birthweight -0,352 0,019 0,140 -0,022 0,104 0,020
Gestational length -0,032 -0,020 0,110 0,020 0,127 0,017
Age at birth (mother) 0,262 -0,011 0,302 0,028 0,121 0,005
Non-white ethnicity (mother) 0,277 -0,065 0,169 0,019 0,100 -0,007
Highest level of educ. (mother) 0,228 0,021 0,410 0,023 0,263 0,013
Marital status (mother) -0,060 0,065 -0,180 0,027 -0,177 -0,011
Workhours (mother) 0,097 -0,008 0,204 -0,046 0,177 0,006
Part-time (mother) -0,145 0,027 -0,121 0,054 -0,129 -0,020
Health level (mother) -0,126 -0,007 0,054 -0,015 0,027 -0,018
Childcare (any type) -0,081 0,040 -0,095 -0,047 0,133 0,001
Rural -0,260 0,002 -0,316 -0,012 0,058 0,019
Financial distress -0,126 -0,015 0,010 0,001 -0,119 -0,004

Notes: Balance table for the three age-specific samples in the maternal analysis considering the control variables included in the
main specification. Standardised differences in means are reported before (Raw) and after (Weighted) the weighting procedure. Data
source: UKHLS (2023).
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Table 3.4. Balance table, maternal sample (p-values)

3 years 5 years 8 years

p-values p-values p-values

Variable Raw Weighted Raw Weighted Raw Weighted

Female 0.998 0.144 0.673 0.769 0.077 0.891
Birth order 0.383 0.597 0.866 0.322 0.050 0.740
Birthweight 0.003 0.851 0.114 0.350 0.498 0.789
Gestational length 0.728 0.860 0.306 0.777 0.223 0.432
Age at birth (mother) 0.017 0.988 0.012 0.549 0.138 0.606
Non-white ethnicity (mother) 0.001 0.636 0.001 0.771 0.010 0.703
Highest level of educ. (mother) 0.013 0.160 0.000 0.999 0.001 0.572
Marital status (mother) 0.255 0.446 0.019 0.535 0.338 0.776
Workhours (mother) 0.308 0.795 0.075 0.496 0.023 0.820
Part-time (mother) 0.096 0.999 0.280 0.884 0.066 0.892
Health level (mother) 0.164 0.931 0.976 0.506 0.285 0.726
Childcare (any type) 0.730 0.763 0.488 0.934 0.493 0.641
Rural 0.006 0.918 0.007 0.762 0.972 0.176
Financial distress 0.392 0.621 0.692 0.063 0.132 0.968

Notes: Balance table for the three age-specific samples in the maternal analysis considering the control variables included in the
main specification. T-test p-values are reported before (Raw) and after (Weighted) the weighting procedure. Data source: UKHLS
(2023).

In the following tables instead I report – for each age-specific sample separately – the

ATET point estimates and relative standard errors. The results presented here are those of my

preferred specification, i.e. the most comprehensive one where I include all available controls

(child characteristics, birth-related information, and maternal characteristics) and year of birth

fixed effects. Results are robust to the exclusion of birth-related characteristics among the

control variables18.

In Table 3.5 I present results for the outcome and potential mechanisms at age 3. I observe

no statistically significant effect on the main non-cognitive outcome at age 3, the temperament

index. With respect to the channels, there is no statistically significant effect on maternal health

and mental health. In addition, I observe no significant effect on my measure of parental inputs,

i.e. the frequency at which the mother reads to the child. On the other hand I observe, in

18The inclusion of birth-related controls determines a reduction of the sample size, due to the presence of
missing values.
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presence of a commuting shock, a −0.45 percentage point reduction between t−1 and t0 in

the level of satisfaction that mothers report relative to their leisure time; significance is at the

5% level. In addition, there is a statistically significant increase, between t−1 and t0, in the

probability of using (any type of) childcare. This result is statistically significant at the 1% level.

Therefore, when children are aged 3, mothers who are subject to an exogenous increase in

their commuting time reduce the utility they gain from their own leisure time, but do not

decrease the time they spend reading to their child; they are also more likely to use external

childcare.

Table 3.5. Outcome and channels at age 3 (mothers)

Comm.
(ATET) S.E. Obs.

Temperament 0.087 (0.066) 430

Maternal health 0.030 (0.087) 431
Maternal mental health -0.102 (0.117) 431
Maternal parenting inputs 0.043 (0.089) 431
Maternal leisure -0.453** (0.194) 431
Childcare use 0.100*** (0.034) 431
Maternal satisf. with income 0.158 (0.189) 431
Maternal satisf. with life -0.102 (0.162) 431
Maternal satisf. with health 0.253 (0.229) 431
Maternal satisf. with job 0.136 (0.198) 431

Notes: IPWRA estimates for the children outcome at age 3 and the proposed
mechanisms, when considering the sample of commuting mothers. Treated
mothers have a commuting shock≥ 10 minutes. The specification includes mater-
nal controls, child controls, and year of birth fixed effects. Robust standard errors
in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at
the individual level. Data source: UKHLS (2023).

In Table 3.6 I present instead results for the sample of children aged 5. I do not observe

any statistically significant effect on either measure of non-cognitive development, and – like

at age 3 – there is no statistically significant impact on maternal health and mental health,

or on my proxy measure of parental time investment (the frequency of reading). I also don’t

observe any statistically significant difference on the level of satisfaction with leisure time,

but a positive impact on the probability of using childcare is still present (although statistical

significance is only at the 10% level).
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Table 3.6. Outcome and channels at age 5 (mothers)

Comm.
(ATET) S.E. Obs.

SDQ (total) -0.599 (0.535) 467
Externalising score -0.356 (0.385) 471
Internalising score -0.256 (0.268) 467

Maternal health 0.010 (0.087) 474
Maternal mental health -0.152 (0.106) 474
Maternal parenting inputs -0.110 (0.090) 474
Maternal leisure -0.192 (0.220) 474
Childcare use 0.081* (0.045) 474
Maternal satisf. with income -0.035 (0.198) 474
Maternal satisf. with life 0.107 (0.175) 474
Maternal satisf. with health -0.276 (0.214) 474
Maternal satisf. with job 0.107 (0.175) 474

Notes: IPWRA estimates for the children outcomes at age 5 and the proposed
mechanisms, when considering the sample of commuting mothers. Treated
mothers have a commuting shock ≥ 10 minutes. The specification includes
maternal controls, child controls, and year of birth fixed effects. Robust stan-
dard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors
clustered at the individual level. Data source: UKHLS (2023).

Finally, in Table 3.7 I report results for the sample at age 8. Here I observe a statistically

significant increase of the SDQ score, i.e. a negative impact of maternal commuting on the

main measure of non-cognitive development; the result on the total SDQ score seems to be

driven by the impact on the internalising subscale of the SDQ measure, which shows statistical

significance at the 5% level. On the other hand no statistically significant effect is observed

on any of the maternal channel considered. A potential interpretation is that, in absence of

a statistically significant decrease in maternal leisure, and with no compensation in terms of

parental reading, older children are more exposed to the effects of maternal commuting.

Reassuringly with respect to concerns relative to selection into treatment, and as anticipated

in Section 3.3, at no stage I observe a significant impact of commuting on the proxy measures

for job satisfaction and income.
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Table 3.7. Outcome and channels at age 8 (mothers)

Comm.
(ATET) S.E. Obs.

SDQ (total) 1.114* (0.619) 563
Externalising score 0.390 (0.392) 563
Internalising score 0.723** (0.360) 563

Maternal health -0.105 (0.072) 570
Maternal mental health 0.113 (0.101) 570
Maternal parenting inputs 0.063 (0.138) 570
Maternal leisure -0.111 (0.162) 570
Childcare use 0.016 (0.042) 570
Maternal satisf. with income -0.056 (0.170) 570
Maternal satisf. with life 0.099 (0.171) 570
Maternal satisf. with health 0.001 (0.197) 570
Maternal satisf. with job 0.235 (0.146) 569

Notes: IPWRA estimates for the children outcomes at age 8 and the proposed
mechanisms, when considering the sample of commuting mothers. Treated
mothers have a commuting shock ≥ 10 minutes. The specification includes
maternal controls, child controls, and year of birth fixed effects. Robust stan-
dard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors
clustered at the individual level. Data source: UKHLS (2023).

I now turn my attention towards shocks to paternal commuting. In Table 3.8 I present

the standardised difference in means before (raw) and after (weighted) the inverse probability

weighting procedure. Just like in the analysis of mothers, for the weighting procedure I only

use either time-invariant covariates, or covariates measured at t−1. After the procedure all the

standardised differences are close to zero or at most around the 5% cutoff, making it possible

to compare treated and controls. The same conclusion can be reached when comparing

difference in means p-values before and after the weighting procedure (Table 3.9).
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Table 3.8. Balance table, paternal sample (standardised difference in means)

3 years 5 years 8 years

Std. diff. means Std. diff. means Std. diff. means

Variable Raw Weighted Raw Weighted Raw Weighted

Female 0,042 0,035 -0,052 0,033 0,066 0,006
Birth order 0,062 -0,008 0,234 0,023 0,085 0,029
Birthweight -0,096 -0,007 0,111 -0,034 0,031 -0,016
Gestational length -0,115 0,008 0,032 -0,034 0,131 -0,021
Age at birth (father) 0,306 0,008 0,171 0,011 -0,029 0,002
Non-white ethnicity (father) 0,307 0,050 0,274 0,038 0,151 0,017
Highest level of educ. (father) -0,022 -0,007 -0,024 0,023 0,002 0,013
Workhours (father) 0,008 -0,010 -0,004 -0,019 0,062 -0,013
Part-time (father) 0,052 0,068 0,228 0,038 -0,069 0,005
Health level (father) -0,107 -0,005 -0,029 -0,026 -0,073 0,008
Rural -0,402 0,004 -0,181 -0,010 -0,131 -0,014
Financial distress -0,138 -0,008 -0,086 0,002 0,088 -0,002

Notes: Balance table for the three age-specific samples in the paternal analysis considering the control variables included in the
main specification. Standardised differences in means are reported before (Raw) and after (Weighted) the weighting procedure.
Data source: UKHLS (2023).

Table 3.9. Balance table, paternal sample (p-values)

3 years 5 years 8 years

p-values p-values p-values

Variable Raw Weighted Raw Weighted Raw Weighted

Female 0.866 0.794 0.438 0.587 0.802 0.449
Birth order 0.814 0.388 0.109 0.509 0.369 0.703
Birthweight 0.477 0.862 0.530 0.356 0.945 0.956
Gestational length 0.561 0.801 0.820 0.718 0.460 0.984
Age at birth (father) 0.043 0.728 0.054 0.680 0.783 0.554
Non-white ethnicity (father) 0.039 0.436 0.001 0.134 0.037 0.367
Highest level of educ. (father) 0.482 0.931 0.437 0.999 0.883 0.940
Workhours (father) 0.540 0.360 0.452 0.701 0.891 0.552
Part-time (father) 0.790 0.476 0.050 0.999 0.703 0.999
Health level (father) 0.342 0.543 0.634 0.930 0.202 0.581
Rural 0.036 0.476 0.091 0.671 0.232 0.367
Financial distress 0.421 0.272 0.436 0.815 0.884 0.968

Notes: Balance table for the three age-specific samples in the paternal analysis considering the control variables included in
the main specification. T-test p-values are reported before (Raw) and after (Weighted) the weighting procedure. Data source:
UKHLS (2023).
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Table 3.10 reports ATET estimates for the main outcome and the potential paternal channels

at age 3, while Table 3.11 and Table 3.12 at ages 5 and 8 respectively. As I mentioned in

Section 3.4.4, due to limitations in the UKHLS questionnaire the only channels I can take

into account in the analysis of paternal commuting are the differences in terms of health and

mental health, and the difference in the level of satisfaction with one’s leisure time.

Table 3.10. Outcome and channels at age 3 (fathers)

Comm.
(ATET) S.E. Obs.

Temperament -0.035 (0.077) 345

Paternal health -0.129 (0.096) 339
Paternal mental health 0.100 (0.138) 339
Paternal leisure -0.068 (0.219) 339
Paternal satisf. with income -0.154 (0.251) 339
Paternal satisf. with life -0.010 (0.207) 339
Paternal satisf. with health 0.255 (0.257) 339
Paternal satisf. with job 0.063 (0.197) 345

Notes: IPWRA estimates for the children outcome at age 3 and the proposed
mechanisms, when considering the sample of commuting fathers. Treated
fathers have a commuting shock ≥ 10 minutes. The specification includes
paternal controls, child controls, and year of birth fixed effects. Robust stan-
dard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors
clustered at the individual level. Data source: UKHLS (2023).
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Table 3.11. Outcomes and channels at age 5 (fathers)

Comm.
(ATET) S.E. Obs.

SDQ (total) -0.625 (0.548) 402
Externalising score -0.606 (0.378) 404
Internalising score -0.013 (0.309) 403

Paternal health 0.065 (0.091) 409
Paternal mental health -0.062 (0.124) 409
Paternal leisure -0.084 (0.195) 409
Paternal satisf. with income 0.266 (0.178) 409
Paternal satisf. with life -0.122 (0.168) 409
Paternal satisf. with health 0.368 (0.234) 409
Paternal satisf. with job 0.172 (0.159) 413

Notes: IPWRA estimates for the children outcomes at age 5 and the proposed
mechanisms, when considering the sample of commuting fathers. Treated
fathers have a commuting shock ≥ 10 minutes. The specification includes
paternal controls, child controls, and year of birth fixed effects. Robust stan-
dard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors
clustered at the individual level. Data source: UKHLS (2023).

Table 3.12. Outcomes and channels at age 8 (fathers)

Comm.
(ATET) S.E. Obs.

SDQ (total) 0.151 (0.615) 414
Externalising score 0.381 (0.403) 414
Internalising score -0.276 (0.351) 415

Paternal health -0.086 (0.090) 410
Paternal mental health -0.135 (0.135) 409
Paternal leisure -0.162 (0.212) 409
Paternal satisf. with income 0.002 (0.202) 409
Paternal satisf. with life -0.345* (0.193) 409
Paternal satisf. with health -0.037 (0.235) 409
Paternal satisf. with job 0.049 (0.156) 419

Notes: IPWRA estimates for the children outcomes at age 8 and the proposed
mechanisms, when considering the sample of commuting fathers. Treated
fathers have a commuting shock ≥ 10 minutes. The specification includes
paternal controls, child controls, and year of birth fixed effects. Robust stan-
dard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors
clustered at the individual level. Data source: UKHLS (2023).

In this case I do not observe any statistically significant impact on any of the age-specific

non-cognitive outcomes (including the two SDQ subscales for externalising and internalising
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behaviours). In terms of paternal channels, I am unable to detect any statistically significant

effect on fathers’ health and mental health, and I also find no difference in the level of

satisfaction with one’s leisure time.

Like in the maternal analysis, the lack of a significant effect on the proxy measures for job

satisfaction and income is reassuring, as it corroborates the hypothesis of random selection

into treatment.

Due to the limited sample size I have access to once I consider age-specific outcomes, I

am unable to perform a heterogeneity analysis by child gender.

3.6.2 Robustness

As anticipated in Section 3.4.3, results in the main analysis are robust to the inclusion of

work flexibility information (formal and informal flexible working arrangements) among the

controls. In addition, some estimates at age 5 become significant at the 10% level (namely,

reduction in maternal mental health and leisure). These results are reported in Appendix B.

Results are also robust to the use of a different matching procedure, namely Inverse

Probability Weighting (IPW). These estimates are reported in Appendix C.

Given that, as anticipated in Section 3.3, the choice of a 10-minute threshold is arbitrary

and the result of a compromise to maintain a viable sample size, I also present – in Appendix D

– estimates for two different definitions of the treatment: increases in commuting time larger

than 7 minutes, and larger than 13 minutes. Despite the resulting differences in sample sizes,

results appear robust, particularly those for the maternal analysis. Using the higher threshold

increases the absolute value of the coefficients, while a reduction in mental health for mothers

becomes significant in the sample of children aged 5.

In the analysis a rich set of control variables is used, in order for the results to be interpreted

in a causal way. However, it is still possible that there are unobserved factors affecting both

child outcomes and parental commuting – as noted elsewhere, this could be the case for the

unobserved job-related characteristics of the parent. To address the potential omitted variable
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bias, the stability of the coefficients is assessed through the application of the Oster (2017)

approach (the procedure is described in greater detail in Appendix E, where the relevant

bounds and parameters are reported). Overall, from the aforementioned analysis it appears

that most of the estimates are robust even in the presence of potential omitted variable bias.

3.7 Discussion

In this paper I exploit potentially exogenous shocks to commuting time and matching tech-

niques to study the impact of parental commuting on the non-cognitive development of

children, using data from UKHLS.

With respect to shocks to maternal commuting, I find no evidence of an impact on the

non-cognitive outcomes of children at age 3 and 5, and a negative impact on internalising

behaviours at age 8. This result is aligned with the associations between maternal commuting

and the mental health of children reported by Dunifon et al. (2005) – whose analysis, however,

is restricted to single mothers transitioning out of welfare schemes. In contrast – and unlike

(Li & Pollmann-Schult, 2015) who had looked at a sample of German fathers and their 5-6

year-old children – I detect no statistically significant impact of paternal commuting shocks

on children’s non-cognitive outcomes. This is on the other hand in line with the literature

that highlights how the productivity of parental time investments differs between mothers

and fathers, with maternal time being comparatively more important when children are young

(Del Boca et al., 2013).

Furthermore, evidence points towards a differential impact by child’s age, with no statisti-

cally significant effect on mental health being detected at age 3 or 5, and a significant effect on

SDQ (and, specifically, internalising behaviours) being reported at age 8. Although the lack of

more frequent measurements of childrens’ non-cognitive abilities limits the extent to which

I can gain insight on this, it is important to note that in the United Kingdom children start

compulsory formal schooling at age 5. The start of schooling denotes a shift in the composi-

tion of the child’s group of peers, which might inform a parent’s appraisal of their own child’s
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behaviour, and potential changes in the amount of time spent together (Murray et al., 2021b;

Stone et al., 2010) and in the parent-child activities carried out (e.g. playtime being substituted

by homework assistance) (Doepke et al., 2019).

In terms of potential mechanisms, and unlike some of the literature on commuting (Roberts

et al., 2011; Kunn-Nelen, 2015; Brömmelhaus et al., 2019), in my framework I find no evidence

of a statistically significant effect of commuting on the mental health of parents – mothers in

particular. It must be noted though that most of the works that focus on mental health look at

a different population, as they consider all workers and not just parents. I also find evidence

– in line with e.g. Roberts et al. (2011) and Brömmelhaus et al. (2019) – that, compared to

fathers, mothers are more sensitive to commuting shocks, and are more likely to reduce the

time spent on leisure rather than sacrifice child-rearing responsibilities. This is particularly

true when children are aged 3, when we observe a reduction in maternal leisure and no

effect on parental inputs or on the child’s mental well-being. Unfortunately, due to the limited

information on parental time-use present in UKHLS data, especially with respect to fathers, I

am unable to distinguish between the quantity and quality of parental time investments.

Despite the limited information on time use and the small sample sizes that prevent such

an analysis at this stage, it would be remiss not to mention the possibility of intra-household

reallocation of time, as evidenced by the spillover effects documented e.g. by Carta and

De Philippis (2018) and Brömmelhaus et al. (2019): increases in the commuting of men –

fathers in particular – are usually counteracted by an increase in home production time for

their spouses. This might help explain why I observe an effect on children only in the maternal

sample: while a potential detrimental effect of fathers’ longer commuting time on children is

offset by mothers spending more time in parenting activities, fathers do not respond in the

same way when their partners are the ones affected by an increase in commuting time, leading

to negative impacts for the children of commuting mothers alone.

With respect to policy implications, the policy-maker should focus on supporting working

parents with young children – mothers in particular, as they tend to be the ones who shoulder
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the burden when a shock occurs and the equilibria in their family life are disrupted. In addition,

increased access to flexible work solutions for both parents could help even out the sharing

of home and family responsibilities between mothers and fathers.

This analysis has some additional limitations. The empirical strategy employed required the

imposition of several constraints on the sample, limiting the external validity of my results to

children of employees who spend a majority of their working time at the employer’s premises.

Moreover, I cannot exclude my estimates are biased due to the exclusion from my sample of

workers who mostly rely on flexible work arrangements and who therefore only commute to

work occasionally. Further studies should put a spotlight on this type of workers, in order to

compare flexible versus rigid work schedules and explore their consequences on children.

In addition, the sample size considered is narrow and performing a heterogeneity analysis

by gender has not been possible. Future work on this topic should address gender differences,

as boys and girls have specific developmental trajectories (Autor et al., 2023) leading to distinct

mental health issues (Murray et al., 2021a). Inequalities with respect to parental education

and family income should also be explored, given that socio-economic factors might influence

the magnitude of commuting impacts (Manning, 2003).
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Appendix 3.A Measures of non-cognitive development

In Table 3.13 the 25 items that comprise the Strengths and Difficulties Questionnaire (SDQ)

instrument are reported, together with the scoring system (A. Goodman & Goodman, 2009).

The items are grouped in five subscales: Conduct Problems, Hyperactivity, Emotional Symp-

toms, Peer Problems, and Prosocial – the latter being a “positive” subscale. For each subscale

the score can range from 0 to 10.

The Total Difficulties Score ranges from 0 to 40 and is calculated by summing the scores

of all subscales except for Prosocial. The total score is counted as missing if one of the four

component scores is missing.

The externalising score – which offers a measure of the child negatively acting on the

external environment (Eisenberg et al., 2001), and is a risk factor for violence and delinquency

later in life (Farrington, 2001) – ranges from 0 to 20 and is calculated by summing the Conduct

Problems and Hyperactivity subscales.

The internalising score – which instead captures the child’s emotional or psychological

state, and describes problems that affect the child’s psychological environment rather than

the external world (S. B. Campbell et al., 2000) – also ranges from 0 to 20 and is calculated

by summing the Emotional Symptoms and Peer Problems subscales.

These two dimensions are not dichotomous: a child’s internalizing behaviours may have a

negative impact on others such as parents or peers, and viceversa children with externalizing

behaviours may also be emotionally or psychologically affected (Liu, 2004).

The Infant Behaviour Questionnaire (IBQ) is comprised of six items that measure two

dimensions of temperament in children, affect and activity (Rothbart, 1981; Richter et al.,

2017), as detailed in Table 3.14. These characteristics are risk factors for the development

of behavioral disorders and markers of increased vulnerability to suboptimal environmental

conditions (Richter et al., 2017).

Temperament measures in infancy have been shown to be predictors of emotional and
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behavioural problems later in childhood (Zentner & Shiner, 2012; Shiner et al., 2012), and

in particular infants with higher negative emotionality are more likely to show hyperactivity,

emotion, peer and conduct problems and less likely to demonstrate pro-social behaviours at

later stages (Peterson et al., 2018).

Table 3.13. SDQ scale – Items by subscale and scoring

Item Scoring

Not true Somewhat true Certainly true

EX
TE

RN
AL

IS
IN

G
SC

O
RE

Conduct Problems
Often has temper tantrums 0 1 2
Is generally obedient 2 1 0
Often fights with other children 0 1 2
Often lies or cheat 0 1 2
Steals from home or school or elsewhere 0 1 2
Hyperactivity
Is restless or overactive 0 1 2
Is constantly fidgeting 0 1 2
Is easily distracted 0 1 2
Thinks things out before acting 2 1 0
Sees tasks through the end 2 1 0

IN
TE

RN
AL

IS
IN

G
SC

O
RE

Emotional Symptoms
Often complains about headaches 0 1 2
Worries a lot 0 1 2
Often unhappy or downhearted 0 1 2
Nervous or clingy in new situations 0 1 2
Has many fears, is easily scared 0 1 2
Peer Problems
Is rather solitary, tends to play alone 2 1 0
Has at least one good friend 2 1 0
Is generally liked by other children 0 1 2
Is picked on or bullied by other children 0 1 2
Gets on better with adults than other children 0 1 2
Prosocial
Is considerate of other people’s feelings 0 1 2
Shares readily with other children 0 1 2
Is helpful if someone is hurt 0 1 2
Is kind to other children 0 1 2
Often volunteers to help others 0 1 2

Notes: Sourced from A. Goodman and Goodman (2009).
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Table 3.14. IBQ scale – Items by subscale

Item Subscale

Is usually happy and content
Is easily irritated and cries frequently Affect
Is difficult to comfort when crying

Is curious and active
Is communicative and likes to talk Activity
Shows empathy when others are sad

Notes: Sourced from Richter et al. (2017).
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Appendix 3.B Work flexibility controls

As anticipated in Section 3.6.2, in this Appendix I report estimates when considering work

flexibility information – namely formal and informal flexible working arrangements – among

the controls. Results in Section 3.6.1 are robust to the inclusion of these regressors, despite

the decrease of the sample sizes.

Table 3.15. Outcome and channels at age 3 (mothers)

Comm.
(ATET) S.E. Obs.

Temperament 0.087 (0.069) 413

Maternal health 0.001 (0.087) 413
Maternal mental health -0.090 (0.116) 413
Maternal parenting inputs 0.053 (0.089) 413
Maternal leisure -0.445** (0.200) 413
Childcare use 0.090** (0.035) 413
Maternal satisf. with income 0.166 (0.199) 413
Maternal satisf. with life -0.127 (0.168) 413
Maternal satisf. with health 0.287 (0.236) 413
Maternal satisf. with job 0.136 (0.207) 413

Notes: IPWRA estimates for the children outcome at age 3 and the proposed
mechanisms, when considering the sample of commuting mothers. Treated
mothers have a commuting shock ≥ 10 minutes. The specification includes work
flexibility controls, in addition to maternal controls, child controls, and year of
birth fixed effects. Robust standard errors in parentheses; *** p<0.01, ** p<0.05,
* p<0.1; standard errors clustered at the individual level. Data source: UKHLS
(2023).
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Table 3.16. Outcomes and channels at age 5 (mothers)

Comm.
(ATET) S.E. Obs.

SDQ (total) -0.604 (0.572) 443
Externalising score -0.365 (0.404) 447
Internalising score -0.260 (0.286) 443
Maternal health 0.033 (0.089) 449

Maternal mental health -0.180* (0.106) 449
Maternal parenting inputs -0.114 (0.096) 449
Maternal leisure -0.387* (0.227) 449
Childcare use 0.084* (0.047) 449
Maternal satisf. with income -0.052 (0.208) 449
Maternal satisf. with life 0.073 (0.184) 449
Maternal satisf. with health -0.381* (0.227) 449
Maternal satisf. with job -0.310 (0.197) 448

Notes: IPWRA estimates for the children outcomes at age 5 and the proposed
mechanisms, when considering the sample of commuting mothers. Treated
mothers have a commuting shock ≥ 10 minutes. The specification includes
work flexibility controls, in addition to maternal controls, child controls, and
year of birth fixed effects. Robust standard errors in parentheses; *** p<0.01,
** p<0.05, * p<0.1; standard errors clustered at the individual level. Data
source: UKHLS (2023).

Table 3.17. Outcomes and channels at age 8 (mothers)

Comm.
(ATET) S.E. Obs.

SDQ (total) 1.129* (0.642) 540
Externalising score 0.317 (0.407) 540
Internalising score 0.812** (0.368) 540

Maternal health -0.078 (0.075) 546
Maternal mental health 0.151 (0.103) 546
Maternal parenting inputs 0.105 (0.142) 546
Maternal leisure -0.179 (0.159) 546
Childcare use 0.021 (0.042) 546
Maternal satisf. with income -0.145 (0.172) 546
Maternal satisf. with life 0.027 (0.173) 546
Maternal satisf. with health 0.026 (0.202) 546
Maternal satisf. with job 0.248 (0.165) 545

Notes: IPWRA estimates for the children outcomes at age 8 and the proposed
mechanisms, when considering the sample of commuting mothers. Treated
mothers have a commuting shock ≥ 10 minutes. The specification includes
work flexibility controls, in addition to maternal controls, child controls, and
year of birth fixed effects. Robust standard errors in parentheses; *** p<0.01,
** p<0.05, * p<0.1; standard errors clustered at the individual level. Data
source: UKHLS (2023).
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Table 3.18. Outcome and channels at age 3 (fathers)

Comm.
(ATET) S.E. Obs.

Temperament -0.004 (0.075) 332

Paternal health -0.114 (0.101) 327
Paternal mental health 0.066 (0.145) 327
Paternal leisure -0.132 (0.223) 327
Paternal satisf. with income -0.167 (0.264) 327
Paternal satisf. with life 0.028 (0.219) 327
Paternal satisf. with health 0.224 (0.269) 327
Paternal satisf. with job -0.003 (0.185) 332

Notes: IPWRA estimates for the children outcome at age 3 and the proposed
mechanisms, when considering the sample of commuting fathers. Treated
fathers have a commuting shock ≥ 10 minutes. The specification includes
work flexibility controls, in addition to paternal controls, child controls, and
year of birth fixed effects. Robust standard errors in parentheses; *** p<0.01,
** p<0.05, * p<0.1; standard errors clustered at the individual level. Data
source: UKHLS (2023).

Table 3.19. Outcomes and channels at age 5 (fathers)

Comm.
(ATET) S.E. Obs.

SDQ (total) -0.839 (0.59) 385
Externalising score -0.709* (0.415) 387
Internalising score -0.110 (0.324) 386

Paternal health 0.075 (0.095) 392
Paternal mental health -0.113 (0.127) 391
Paternal leisure -0.096 (0.204) 390
Paternal satisf. with income 0.297 (0.196) 391
Paternal satisf. with life -0.078 (0.179) 391
Paternal satisf. with health 0.435* (0.240) 391
Paternal satisf. with job 0.282* (0.168) 394

Notes: IPWRA estimates for the children outcome at age 5 and the proposed
mechanisms, when considering the sample of commuting fathers. Treated
fathers have a commuting shock ≥ 10 minutes. The specification includes
work flexibility controls, in addition to paternal controls, child controls, and
year of birth fixed effects. Robust standard errors in parentheses; *** p<0.01,
** p<0.05, * p<0.1; standard errors clustered at the individual level. Data
source: UKHLS (2023).
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Table 3.20. Outcomes and channels at age 8 (fathers)

Comm.
(ATET) S.E. Obs.

SDQ (total) 0.037 (0.625) 391
Externalising score 0.204 (0.407) 391
Internalising score -0.237 (0.359) 392

Paternal health -0.109 (0.092) 388
Paternal mental health -0.108 (0.138) 387
Paternal leisure -0.182 (0.228) 387
Paternal satisf. with income 0.059 (0.220) 387
Paternal satisf. with life -0.264 (0.197) 387
Paternal satisf. with health 0.053 (0.241) 387
Paternal satisf. with job 0.058 (0.160) 396

Notes: IPWRA estimates for the children outcome at age 8 and the proposed
mechanisms, when considering the sample of commuting fathers. Treated
fathers have a commuting shock ≥ 10 minutes. The specification includes
work flexibility controls, in addition to paternal controls, child controls, and
year of birth fixed effects. Robust standard errors in parentheses; *** p<0.01,
** p<0.05, * p<0.1; standard errors clustered at the individual level. Data
source: UKHLS (2023).
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Appendix 3.C Alternative weighting procedure

As anticipated in Section 3.6.2, in this Appendix I report estimates when considering a different

matching procedure, namely Inverse Probability Weighting (IPW).

Table 3.21. Outcome and channels at age 3 (mothers)

Comm.
(ATET) S.E. Obs.

Temperament 0.081 (0.066) 433

Maternal health 0.041 (0.095) 433
Maternal mental health -0.099 (0.126) 433
Maternal parenting inputs 0.043 (0.099) 433
Maternal leisure -0.459** (0.195) 433
Childcare use 0.096** (0.044) 433
Maternal satisf. with income 0.163 (0.195) 433
Maternal satisf. with life -0.106 (0.176) 433
Maternal satisf. with health 0.252 (0.241) 433
Maternal satisf. with job 0.138 (0.199) 433

Notes: IPW estimates for the children outcome at age 3 and the proposed mech-
anisms, when considering the sample of commuting mothers. Treated mothers
have a commuting shock ≥ 10 minutes. The specification includes maternal
controls, child controls, and year of birth fixed effects. Robust standard errors in
parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the
individual level. Data source: UKHLS (2023).
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Table 3.22. Outcome and channels at age 5 (mothers)

Comm.
(ATET) S.E. Obs.

SDQ (total) -0.859* (0.507) 468
Externalising score -0.505 (0.358) 468
Internalising score -0.354 (0.269) 468

Maternal health .018102 (0.101) 468
Maternal mental health -0.129 (0.105) 468
Maternal parenting inputs -0.110 (0.096) 468
Maternal leisure -0.269 (0.218) 468
Childcare use 0.107** (0.051) 468
Maternal satisf. with income -0.105 (0.196) 468
Maternal satisf. with life 0.047 (0.176) 468
Maternal satisf. with health -0.305 (0.215) 468
Maternal satisf. with job -0.281 (0.190) 468

Notes: IPW estimates for the children outcomes at age 5 and the proposed mech-
anisms, when considering the sample of commuting mothers. Treated mothers
have a commuting shock ≥ 10 minutes. The specification includes maternal
controls, child controls, and year of birth fixed effects. Robust standard errors in
parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the
individual level. Data source: UKHLS (2023).

Table 3.23. Outcome and channels at age 8 (mothers)

Comm.
(ATET) S.E. Obs.

SDQ (total) 1.127* (0.646) 561
Externalising score 0.419 (0.396) 561
Internalising score 0.708* (0.370) 561

Maternal health -0.098 (0.080) 561
Maternal mental health 0.108 (0.108) 561
Maternal parenting inputs 0.062 (0.138) 561
Maternal leisure -0.160 (0.160) 561
Childcare use 0.028 (0.046) 561
Maternal satisf. with income -0.101 (0.166) 561
Maternal satisf. with life 0.072 (0.173) 561
Maternal satisf. with health -0.012 (0.194) 561
Maternal satisf. with job 0.226 (0.151) 561

Notes: IPW estimates for the children outcomes at age 5 and the proposed mech-
anisms, when considering the sample of commuting mothers. Treated mothers
have a commuting shock ≥ 10 minutes. The specification includes maternal
controls, child controls, and year of birth fixed effects. Robust standard errors in
parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the
individual level. Data source: UKHLS (2023).
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Table 3.24. Outcome and channels at age 3 (fathers)

Comm.
(ATET) S.E. Obs.

Temperament -0.043 (0.073) 344

Paternal health -0.112 (0.113) 344
Paternal mental health 0.090 (0.135) 344
Paternal leisure -0.068 (0.221) 344
Paternal satisf. with income -0.155 (0.249) 344
Paternal satisf. with life -0.010 (0.208) 344
Paternal satisf. with health 0.235 (0.267) 344
Paternal satisf. with job 0.119 (0.195) 344

Notes: IPW estimates for the children outcome at age 3 and the proposed
mechanisms, when considering the sample of commuting fathers. Treated
fathers have a commuting shock ≥ 10 minutes. The specification includes
paternal controls, child controls, and year of birth fixed effects. Robust stan-
dard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors
clustered at the individual level. Data source: UKHLS (2023).

Table 3.25. Outcome and channels at age 5 (fathers)

Comm.
(ATET) S.E. Obs.

SDQ (total) -0.518 (0.529) 401
Externalising score -0.503 (0.376) 401
Internalising score -0.015 (0.285) 401

Paternal health 0.061 (0.102) 401
Paternal mental health -0.048 (0.121) 401
Paternal leisure -0.056 (0.195) 401
Paternal satisf. with income 0.261 (0.189) 401
Paternal satisf. with life -0.075 (0.165) 401
Paternal satisf. with health 0.349 (0.231) 401
Paternal satisf. with job 0.184 (0.159) 401

Notes: IPW estimates for the children outcomes at age 5 and the proposed
mechanisms, when considering the sample of commuting fathers. Treated
fathers have a commuting shock ≥ 10 minutes. The specification includes
paternal controls, child controls, and year of birth fixed effects. Robust stan-
dard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors
clustered at the individual level. Data source: UKHLS (2023).
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Table 3.26. Outcome and channels at age 8 (fathers)

Comm.
(ATET) S.E. Obs.

SDQ (total) 0.024 (0.630) 412
Externalising score 0.210 (0.410) 412
Internalising score -0.185 (0.350) 412

Paternal health -0.074 (0.100) 412
Paternal mental health -0.158 (0.125) 412
Paternal leisure -0.145 (0.214) 412
Paternal satisf. with income 0.080 (0.206) 412
Paternal satisf. with life -0.325* (0.187) 412
Paternal satisf. with health 0.028 (0.228) 412
Paternal satisf. with job 0.088 (0.161) 412

Notes: IPW estimates for the children outcomes at age 5 and the proposed
mechanisms, when considering the sample of commuting fathers. Treated
fathers have a commuting shock ≥ 10 minutes. The specification includes
paternal controls, child controls, and year of birth fixed effects. Robust stan-
dard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors
clustered at the individual level. Data source: UKHLS (2023).
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Appendix 3.D Alternative treatment thresholds

As anticipated in Section 3.6.2, the choice of a 10-minute threshold to define the commuting

shock is arbitrary. To assess the robustness of my main results, I present here estimates when

considering alternative thresholds to define treatment, namely 7 and 13 minutes.

Table 3.27. Outcome and channels at age 3 (mothers)

Treat. ≥ 7 min. Treat. ≥ 13 min.

Comm.
(ATET) S.E. Obs. Comm.

(ATET) S.E. Obs.

Temperament 0.079 (0.065) 432 0.050 (0.077) 394

Maternal health 0.042 (0.085) 433 0.068 (0.125) 395
Maternal mental health -0.105 (0.115) 433 -0.201 (0.144) 395
Maternal parenting inputs 0.022 (0.091) 433 0.116 (0.109) 395
Maternal leisure -0.459** (0.190) 433 -0.610*** (0.237) 395
Childcare use 0.103*** (0.035) 433 0.156*** (0.044) 395
Maternal satisf. with income 0.117 (0.188) 433 0.069 (0.242) 395
Maternal satisf. with life -0.117 (0.158) 433 -0.217 (0.180) 395
Maternal satisf. with health 0.158 (0.236) 433 0.113 (0.255) 395
Maternal satisf. with job 0.127 (0.194) 433 0.122 (0.276) 395

Notes: IPWRA estimates for the children outcome at age 3 and the proposed mechanisms, when considering the sample
of commuting mothers. Treated mothers have a commuting shock that is ≥ 7 minutes or ≥ 13 minutes. The specification
includes maternal controls, child controls, and year of birth fixed effects. Robust standard errors in parentheses; *** p<0.01,
** p<0.05, * p<0.1; standard errors clustered at the individual level. Data source: UKHLS (2023).
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Table 3.28. Outcome and channels at age 5 (mothers)

Treat. ≥ 7 min. Treat. ≥ 13 min.

Comm.
(ATET) S.E. Obs. Comm.

(ATET) S.E. Obs.

SDQ (total) -0.589 (0.530) 468 -0.819 (0.586) 428
Externalising score -0.269 (0.369) 482 -0.638 (0.436) 431
Internalising score -0.255 (0.267) 468 -0.186 (0.326) 428

Maternal health 0.001 (0.086) 475 0.047 (0.117) 433
Maternal mental health -0.140 (0.106) 475 -0.287** (0.141) 433
Maternal parenting inputs -0.119 (0.089) 475 -0.192 (0.127) 433
Maternal leisure -0.187 (0.217) 475 -0.503 (0.306) 433
Childcare use 0.083* (0.045) 475 0.099* (0.055) 433
Maternal satisf. with income -0.047 (0.196) 475 -0.104 (0.282) 433
Maternal satisf. with life 0.097 (0.174) 475 0.117 (0.251) 433
Maternal satisf. with health -0.292 (0.213) 475 -0.335 (0.289) 433
Maternal satisf. with job -0.232 (0.189) 474 -0.199 (0.260) 433

Notes: IPWRA estimates for the children outcomes at age 5 and the proposed mechanisms, when considering the
sample of commuting mothers. Treated mothers have a commuting shock that is ≥ 7 minutes or ≥ 13 minutes.
The specification includes maternal controls, child controls, and year of birth fixed effects. Robust standard errors in
parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the individual level. Data source: UKHLS
(2023).
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Table 3.29. Outcome and channels at age 8 (mothers)

Treat. ≥ 7 min. Treat. ≥ 13 min.

Comm.
(ATET) S.E. Obs. Comm.

(ATET) S.E. Obs.

SDQ (total) 1.068* (0.604) 568 0.874 (0.768) 510
Externalising score 0.343 (0.379) 568 0.464 (0.527) 510
Internalising score 0.726** (0.353) 568 0.410 (0.430) 510

Maternal health -0.096 (0.071) 575 -0.069 (0.101) 517
Maternal mental health 0.108 (0.097) 575 0.063 (0.124) 517
Maternal parenting inputs 0.098 (0.134) 575 -0.197 (0.181) 517
Maternal leisure -0.138 (0.156) 575 -0.010 (0.219) 517
Childcare use 0.025 (0.042) 575 0.027 (0.052) 517
Maternal satisf. with income -0.076 (0.166) 575 0.190 (0.218) 517
Maternal satisf. with life 0.080 (0.164) 575 0.289 (0.227) 517
Maternal satisf. with health -0.052 (0.189) 575 0.082 (0.277) 517
Maternal satisf. with job 0.220 (0.144) 574 0.290 (0.178) 517

Notes: IPWRA estimates for the children outcomes at age 8 and the proposed mechanisms, when considering the
sample of commuting mothers. Treated mothers have a commuting shock that is ≥ 7 minutes or ≥ 13 minutes.
The specification includes maternal controls, child controls, and year of birth fixed effects. Robust standard errors in
parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the individual level. Data source: UKHLS
(2023).

Table 3.30. Outcome and channels at age 3 (fathers)

Treat. ≥ 7 min. Treat. ≥ 13 min.

Comm.
(ATET) S.E. Obs. Comm.

(ATET) S.E. Obs.

Temperament -0.046 (0.074) 351 -0.026 (0.104) 282

Paternal health -0.114 (0.093) 345 – – –
Paternal mental health 0.128 (0.137) 345 – – –
Paternal leisure -0.094 (0.213) 345 – – –
Paternal satisf. with income -0.139 (0.244) 345 – – –
Paternal satisf. with life -0.019 (0.200) 345 – – –
Paternal satisf. with health 0.209 (0.254) 345 – – –
Paternal satisf. with job 0.090 (0.189) 351 – – –

Notes: IPWRA estimates for the children outcome at age 3 and the proposed mechanisms, when considering the
sample of commuting fathers. Treated fathers have a commuting shock that is ≥ 7 minutes or ≥ 13 minutes. The
specification includes paternal controls, child controls, and year of birth fixed effects. Robust standard errors in
parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the individual level. Data source: UKHLS
(2023).
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Table 3.31. Outcome and channels at age 5 (fathers)

Treat. ≥ 7 min. Treat. ≥ 13 min.

Comm.
(ATET) S.E. Obs. Comm.

(ATET) S.E. Obs.

SDQ (total) -0.682 (0.547) 403 -0.723 (0.635) 370
Externalising score -0.639* (0.377) 405 -0.742 (0.461) 372
Internalising score -0.035 (0.306) 404 0.048 (0.397) 371

Paternal health 0.071 (0.090) 411 0.100 (0.118) 379
Paternal mental health -0.062 (0.122) 410 -0.037 (0.145) 378
Paternal leisure -0.071 (0.194) 409 0.134 (0.250) 377
Paternal satisf. with income 0.264 (0.176) 410 0.437** (0.216) 378
Paternal satisf. with life -0.128 (0.167) 410 -0.069 (0.179) 378
Paternal satisf. with health 0.365 (0.232) 410 0.299 (0.295) 378
Paternal satisf. with job 0.168 (0.157) 414 -0.043 (0.211) 381

Notes: IPWRA estimates for the children outcomes at age 5 and the proposed mechanisms, when considering the
sample of commuting fathers. Treated fathers have a commuting shock that is ≥ 7 minutes or ≥ 13 minutes. The
specification includes paternal controls, child controls, and year of birth fixed effects. Robust standard errors in
parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the individual level. Data source: UKHLS
(2023).

Table 3.32. Outcome and channels at age 8 (fathers)

Treat. ≥ 7 min. Treat. ≥ 13 min.

Comm.
(ATET) S.E. Obs. Comm.

(ATET) S.E. Obs.

SDQ (total) 0.219 (0.596) 419 0.054 (0.748) 371
Externalising score 0.342 (0.392) 419 0.718 (0.523) 371
Internalising score -0.158 (0.340) 419 -0.718* (0.379) 372

Paternal health -0.118 (0.091) 415 -0.145 (0.110) 367
Paternal mental health -0.068 (0.131) 414 -0.047 (0.172) 366
Paternal leisure -0.169 (0.207) 414 -0.062 (0.291) 366
Paternal satisf. with income -0.019 (0.194) 414 0.032 (0.252) 366
Paternal satisf. with life -0.321* (0.187) 414 -0.351 (0.246) 366
Paternal satisf. with health -0.044 (0.226) 414 -0.005 (0.314) 366
Paternal satisf. with job 0.068 (0.149) 424 0.033 (0.196) 376

Notes: IPWRA estimates for the children outcomes at age 8 and the proposed mechanisms, when considering the
sample of commuting fathers. Treated fathers have a commuting shock that is ≥ 7 minutes or ≥ 13 minutes. The
specification includes paternal controls, child controls, and year of birth fixed effects. Robust standard errors in
parentheses; *** p<0.01, ** p<0.05, * p<0.1; standard errors clustered at the individual level. Data source: UKHLS
(2023).
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Appendix 3.E Robustness against omitted variables bias

Oster bounds

As anticipated in Section 3.3, matching techniques provide estimates of the effect of a treatment

variable that are unbiased in presence of a correlation between treatment status and observable

characteristics, but they are not immune to bias arising from unobserved factors. With respect

to this type of bias, Oster (2017) proposes a method to test coefficient stability in presence

of unobservable sources of selection bias, under the assumption that omitted variable bias

is directly connected to coefficient movements (Altonji et al., 2005). The method produces

consistent estimates of the bias-adjusted treatment effects given values for R2
max (i.e. the R-

squared of a hypothetical regression of the outcome on the treatment and both observed

and unobserved controls) and δ, which is the relative degree of selection on observed and

unobserved variables. A value of δ equal to 1 would imply observable variables are at least as

important as the unobservables; values greater than 1 (in absolute terms) imply instead that

the unobservables need to be more important than the observables to produce a treatment

effect of zero.

Tables 3.33 to 3.38 report – for all outcomes and mechanisms, separately for the maternal

and paternal samples at different ages – the R-squared of the OLS regression; the R2
max,

heuristically defined by Oster (2017) as being 1.3 times the aforementioned R-squared; the

coefficient estimates β0 and β1 (respectively for δ = 0 and δ = 1); and finally, the value of δ

(i.e. the degree of selection on unobservables relative to observables) that would be needed

for the results to be fully explained by omitted variable bias for the given value of R2
max. For

results to be safe from omitted variable bias, δ needs to be larger than 1 in absolute terms.

This is the case for virtually all variables with the exception of maternal health for the sample

of kids aged 5. In addition, none of the β0 ∼ β1 bounds crosses the value of 0.
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Table 3.33. Oster bounds – maternal sample, age 3

Outcome R2 R2
· 1.3 β0 β1 δ

Temperament 0.073 0.095 0.082 0.071 5.619

Maternal health 0.290 0.377 0.041 0.032 4.044
Mat. mental health 0.109 0.142 -0.112 -0.104 9.904
Maternal par. inputs 0.144 0.188 0.022 0.027 -5.257
Maternal leisure 0.049 0.064 -0.383 -0.372 11.543
Childcare use 0.374 0.487 0.096 0.100 -53.854
Mat. satisf. income 0.047 0.061 0.171 0.150 6.388
Mat. satisf. life 0.066 0.086 -0.048 -0.056 -7.662
Mat. satisf. health 0.058 0.076 0.252 0.248 21.944
Mat. satisf.. job 0.054 0.071 0.180 0.198 -11.903

Notes: Oster bounds for the children outcome at age 3 and the proposed mechanisms, when
considering the sample of commuting mothers. R2 is the R-squared of the OLS regression of
the outcome on the treatment and a full set of observable controls; R2

· 1.3 is the bound of
Rmax proposed by Oster (2017); β0 is the coefficient estimate for δ = 0; β1 is the coefficient
estimate for δ = 1; δ is the value at which β = 0 for the given Rmax. Data source: UKHLS
(2023).

Table 3.34. Oster bounds – maternal sample, age 5

Outcome R2 R2
· 1.3 β0 β1 δ

SDQ (total) 0.091 0.119 -0.560 -0.465 4.903
Externalising score 0.069 0.090 -0.311 -0.215 2.937
Internalising score 0.111 0.1445 -0.264 -0.264 31.596

Maternal health 0.329 0.427 0.003 0.017 -0.231
Mat. mental health 0.054 0.071 -0.178 -0.179 23.674
Maternal par. inputs 0.132 0.172 -0.153 -0.171 -10.341
Maternal leisure 0.040 0.052 -0.250 -0.245 16.045
Childcare use 0.286 0.372 0.095 0.088 9.289
Mat. satisf. income 0.072 0.094 -0.066 -0.014 1.269
Mat. satisf. life 0.040 0.053 0.119 0.139 -7.118
Mat. satisf. health 0.054 0.070 -0.310 -0.284 7.215
Mat. satisf. job 0.035 0.046 -0.214 -0.220 168.629

Notes: Oster bounds for the children outcomes at age 5 and the proposed mechanisms, when
considering the sample of commuting mothers. R2 is the R-squared of the OLS regression of
the outcome on the treatment and a full set of observable controls; R2

·1.3 is the bound of Rmax
proposed by Oster (2017); β0 is the coefficient estimate for δ = 0; β1 is the coefficient estimate
for δ = 1; δ is the value at which β = 0 for the given Rmax. Data source: UKHLS (2023).
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Table 3.35. Oster bounds – maternal sample, age 8

Outcome R2 R2
· 1.3 β0 β1 δ

SDQ (total) 0.122 0.158 1.209 1.205 43.824
Externalising score 0.096 0.125 0.464 0.446 17.263
Internalising score 0.103 0.134 0.745 0.759 -211.880

Maternal health 0.221 0.288 -0.104 -0.091 7.013
Mat. mental health 0.052 0.068 0.127 0.127 90.773
Maternal par. inputs 0.065 0.085 0.090 0.079 7.589
Maternal leisure 0.058 0.075 -0.143 -0.145 4108.917
Childcare use 0.253 0.330 0.019 0.017 11.484
Mat. satisf. income 0.034 0.044 -0.101 -0.116 -7.032
Mat. satisf. life 0.058 0.075 0.085 0.088 -56.370
Mat. satisf. health 0.034 0.044 -0.052 -0.062 -5.265
Mat. satisf. job 0.045 0.059 0.267 0.274 -67.986

Notes: Oster bounds for the children outcomes at age 8 and the proposed mechanisms, when
considering the sample of commuting mothers. R2 is the R-squared of the OLS regression of
the outcome on the treatment and a full set of observable controls; R2

·1.3 is the bound of Rmax
proposed by Oster (2017); β0 is the coefficient estimate for δ = 0; β1 is the coefficient estimate
for δ = 1; δ is the value at which β = 0 for the given Rmax. Data source: UKHLS (2023).

Table 3.36. Oster bounds – paternal sample, age 3

Outcome R2 R2
· 1.3 β0 β1 δ

Temperament 0.133 0.173 -0.027 -0.037 -2.872

Paternal health 0.235 0.305 -0.119 -0.118 34.232
Pat. mental health 0.064 0.084 0.088 0.072 4.985
Paternal leisure 0.056 0.073 -0.052 -0.053 6164.676
Pat. satisf. income 0.073 0.095 -0.102 -0.095 10.964
Pat. satisf. life 0.116 0.150 0.017 0.031 -1.307
Pat. satisf. health 0.134 0.174 0.239 0.200 5.270
Pat. satisf. job 0.051 0.066 0.060 0.064 -16.668

Notes: Oster bounds for the children outcome at age 3 and the proposed mechanisms, when
considering the sample of commuting fathers. R2 is the R-squared of the OLS regression of
the outcome on the treatment and a full set of observable controls; R2

· 1.3 is the bound of
Rmax proposed by Oster (2017); β0 is the coefficient estimate for δ = 0; β1 is the coefficient
estimate for δ = 1; δ is the value at which β = 0 for the given Rmax. Data source: UKHLS
(2023).
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Table 3.37. Oster bounds – paternal sample, age 5

Outcome R2 R2
· 1.3 β0 β1 δ

SDQ (total) 0.128 0.166 -0.839 -0.727 5.913
Externalising score 0.113 0.147 -0.685 -0.630 8.282
Internalising score 0.100 0.130 -0.170 -0.121 3.247

Paternal health 0.292 0.379 0.073 0.071 19.947
Pat. mental health 0.060 0.078 -0.038 -0.035 8.564
Paternal leisure 0.059 0.077 -0.052 -0.041 4.417
Pat. satisf. income 0.043 0.056 0.243 0.249 218.181
Pat. satisf. life 0.036 0.047 -0.107 -0.092 5.705
Pat. satisf. health 0.057 0.075 0.322 0.354 -10.873
Pat. satisf. job 0.067 0.087 0.141 0.130 9.175

Notes: Oster bounds for the children outcomes at age 5 and the proposed mechanisms, when
considering the sample of commuting fathers. R2 is the R-squared of the OLS regression of
the outcome on the treatment and a full set of observable controls; R2

· 1.3 is the bound of
Rmax proposed by Oster (2017); β0 is the coefficient estimate for δ = 0; β1 is the coefficient
estimate for δ = 1; δ is the value at which β = 0 for the given Rmax. Data source: UKHLS
(2023).

Table 3.38. Oster bounds – paternal sample, age 8

Outcome R2 R2
· 1.3 β0 β1 δ

SDQ (total) 0.118 0.153 0.114 0.083 3.548
Externalising score 0.129 0.168 0.346 0.329 15.351
Internalising score 0.075 0.097 -0.274 -0.294 -16.093

Paternal health 0.188 0.244 -0.077 -0.076 44.186
Pat. mental health 0.050 0.065 -0.119 -0.124 -25.176
Paternal leisure 0.047 0.061 -0.143 -0.161 -8.211
Pat. satisf. income 0.078 0.101 0.068 0.050 3.739
Pat. satisf. life 0.042 0.054 -0.311 -0.319 -50.136
Pat. satisf. health 0.045 0.058 0.043 0.026 2.579
Pat. satisf. job 0.070 0.091 0.053 0.043 5.200

Notes: Oster bounds for the children outcomes at age 8 and the proposed mechanisms, when
considering the sample of commuting fathers. R2 is the R-squared of the OLS regression of
the outcome on the treatment and a full set of observable controls; R2

· 1.3 is the bound of
Rmax proposed by Oster (2017); β0 is the coefficient estimate for δ = 0; β1 is the coefficient
estimate for δ = 1; δ is the value at which β = 0 for the given Rmax. Data source: UKHLS
(2023).
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Appendix 3.F Graphs

I report here the graphs of the histogram presented in a scaled version in Section 3.5.

Figure 3.3. Difference in commuting for treated mothers (age 3)

Figure 3.4. Difference in commuting for treated mothers (age 5)
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Figure 3.5. Difference in commuting for treated mothers (age 8)

Figure 3.6. Difference in commuting for treated fathers (age 3)
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Figure 3.7. Difference in commuting for treated fathers (age 5)

Figure 3.8. Difference in commuting for treated fathers (age 8)
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Concluding remarks

Conditions during early life are crucial in determining the course and circumstances of a

person’s life. Early-life exposure to negative environments can create a ripple effect, leading to

increasing socio-economic inequalities by steering individuals onto less favourable life paths.

This affects in particular children from lower socio-economic backgrounds, who often lack the

means to counterbalance these disadvantages through e.g. parental support.

As described in this dissertation, the circumstances at the start of one’s life – like mode of

the delivery – can have long-term consequences beyond the health realm, with the cognitive

and non-cognitive development of children potentially affected.

In order to avoid undesirable outcomes, one of the possible actions that can be undertaken

is addressing the level of appropriateness of maternal care, to ensure mode of delivery is the

outcome of a sensible medical evaluation: the number of not-needed caesarean sections

needs to be reduced, and at the same time those who actually need a caesarean section

should promptly receive one.

In addition, we have seen how there is a socio-economic gradient around the effects of

maternal care, with disadvantaged populations facing greater risks of negative outcomes. The

channel through which underprivileged children are predominantly affected is that of parental

inputs, which are not sufficient to compensate the impact of inappropriate maternal care.

Especially during early life mothers play a fundamental role in shaping children’s well-

being, hence the need for better support systems – both inside and outside the family unit –

to avoid adverse effects on their own mental health.

There is a broader scope for action during the first part of an individual’s life, with a variety

of antenatal and early childhood interventions offering promising strategies to mitigate the
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negative impacts of low socio-economic status. Early interventions are often more effective in

reducing the risk of adverse outcomes throughout an individual’s life compared to intervening

later in life – which comes with greater costs and challenges to face. This is the type of

policies that should be prioritised in the United Kingdom to address falling levels of well-being

in younger generations – a stepping stone in preventing further inequalities and ensuring a

healthier future for all.
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Daltveit, A. K., Tollånes, M. C., Pihlstrøm, H., & Irgens, L. M. (2008). Cesarean Deliv-
ery and Subsequent Pregnancies. Obstetrics & Gynecology, 111(6), 1327–1334. doi:
10.1097/aog.0b013e3181744110

Dancer, S. (2009). The role of environmental cleaning in the control of hospital-acquired
infection. Journal of Hospital Infection, 73(4), 378–385. doi: 10.1016/j.jhin.2009.03.030

Darzi, A. (2024). Independent Investigation of the National Health Service in Eng-
land. Retrieved 2024-10-10, from https://www.gov.uk/government/publications/
independent-investigation-of-the-nhs-in-england

Datta Gupta, N., & Simonsen, M. (2010). Non-cognitive child outcomes and uni-
versal high quality child care. Journal of Public Economics, 94(1–2), 30–43. doi:
10.1016/j.jpubeco.2009.10.001

Dave, G., Wolfe, M. K., & Corbie-Smith, G. (2021). Role of hospitals in addressing social
determinants of health: A groundwater approach. Preventive Medicine Reports, 21,
101315. doi: 10.1016/j.pmedr.2021.101315

179

https://doi.org/10.1186/s12884-017-1304-x
https://doi.org/10.1186/s12884-017-1304-x
https://doi.org/10.1016/s0169-7218(11)02413-0
https://doi.org/10.1162/qjec.2008.123.2.795
https://doi.org/10.1086/687848
https://doi.org/10.1002/pam.21805
https://doi.org/10.1007/s40121-016-0124-z
https://doi.org/10.1097/aog.0b013e3181744110
https://doi.org/10.1016/j.jhin.2009.03.030
https://www.gov.uk/government/publications/independent-investigation-of-the-nhs-in-england
https://www.gov.uk/government/publications/independent-investigation-of-the-nhs-in-england
https://doi.org/10.1016/j.jpubeco.2009.10.001
https://doi.org/10.1016/j.pmedr.2021.101315


DeCicca, P., Isabelle, M., & Malak, N. (2024). How Do Physicians Respond to New Medical
Research? Health Economics, 33(10), 2206–2228. doi: 10.1002/hec.4879

de Coulon, A., Meschi, E., & Vignoles, A. (2011). Parents’ skills and children’s cog-
nitive and non-cognitive outcomes. Education Economics, 19(5), 451–474. doi:
10.1080/09645292.2010.511829

de Elejalde, R., & Giolito, E. (2019). More Hospital Choices, More C-Sections: Evidence from
Chile (Vol. Discussion Paper No. 12297). IZA – Institute of Labor Economics. doi:
10.2139/ssrn.3390287

Del Boca, D., Flinn, C., & Wiswall, M. (2013). Household Choices and Child Development.
The Review of Economic Studies, 81(1), 137–185. doi: 10.1093/restud/rdt026

Del Boca, D., Martino, E. M., & Pronzato, C. (2021). Non cognitive skills and childcare atten-
dance. Review of Economics of the Household, 20(4), 1059–1085. doi: 10.1007/s11150-
021-09591-6

Del Bono, E., Francesconi, M., Kelly, Y., & Sacker, A. (2016). Early Maternal Time Invest-
ment and Early Child Outcomes. The Economic Journal, 126(596), F96–F135. doi:
10.1111/ecoj.12342

Del Bono, E., Fumagalli, L., Holford, A., & Rabe, B. (2021). Coping with
school closures: changes in home-schooling during COVID-19. Retrieved 2024-
11-10, from https://www.iser.essex.ac.uk/wp-content/uploads/files/news/
2021/little-inequality-homeschool/coping-with-school-closures.pdf

Del Bono, E., & Pronzato, C. D. (2022). Does breastfeeding support at work help mothers,
children, and employers at the same time? Journal of Demographic Economics, 90(1),
88–115. doi: 10.1017/dem.2022.23

Delnord, M., Blondel, B., Drewniak, N., Klungsøyr, K., Bolumar, F., Mohangoo, A., . . . Zeitlin,
J. (2014). Varying gestational age patterns in cesarean delivery: an international com-
parison. BMC Pregnancy and Childbirth, 14(1). doi: 10.1186/1471-2393-14-321

De Luca, G., Lisi, D., Martorana, M., & Siciliani, L. (2021). Does higher Institutional Quality
improve the Appropriateness of Healthcare Provision? Journal of Public Economics, 194,
104356. doi: 10.1016/j.jpubeco.2020.104356

De Luca, G., Lisi, D., Martorana, M., & Siciliani, L. (2023). Institutional Quality and
Health Outcomes. In J. Costa-Font, A. Batinti, & G. Turati (Eds.), Handbook on the

180

https://doi.org/10.1002/hec.4879
https://doi.org/10.1080/09645292.2010.511829
https://doi.org/10.2139/ssrn.3390287
https://doi.org/10.1093/restud/rdt026
https://doi.org/10.1007/s11150-021-09591-6
https://doi.org/10.1007/s11150-021-09591-6
https://doi.org/10.1111/ecoj.12342
https://www.iser.essex.ac.uk/wp-content/uploads/files/news/2021/little-inequality-homeschool/coping-with-school-closures.pdf
https://www.iser.essex.ac.uk/wp-content/uploads/files/news/2021/little-inequality-homeschool/coping-with-school-closures.pdf
https://doi.org/10.1017/dem.2022.23
https://doi.org/10.1186/1471-2393-14-321
https://doi.org/10.1016/j.jpubeco.2020.104356


Political Economy of Health Systems (pp. 292–317). Edward Elgar Publishing. doi:
10.4337/9781800885066.00025

Denny, K., & Doyle, O. (2010). The causal effect of breastfeeding on children’s cognitive
development: a quasi-experimental design.

Di Giacomo, M., Perucca, G., Piacenza, M., & Turati, G. (2024). Immigrants’ clusters and
unequal access to healthcare treatments. Regional Science and Urban Economics, 109,
104063. doi: 10.1016/j.regsciurbeco.2024.104063

Di Giacomo, M., Piacenza, M., Siciliani, L., & Turati, G. (2017). Do public hospitals respond to
changes in DRG price regulation? The case of birth deliveries in the Italian NHS. Health
Economics, 26, 23–37. doi: 10.1002/hec.3541

Dinh, H., Cooklin, A. R., Leach, L. S., Westrupp, E. M., Nicholson, J. M., & Strazdins, L. (2017).
Parents’ transitions into and out of work-family conflict and children’s mental health:
Longitudinal influence via family functioning. Social Science & Medicine, 194, 42–50.
doi: 10.1016/j.socscimed.2017.10.017

Dockery, A. M., Li, J., & Kendall, G. (2016). Sole-parent work schedules and adolescent
wellbeing:Evidence from Australia. Social Science & Medicine, 168, 167–174. doi:
10.1016/j.socscimed.2016.09.019

Doepke, M., Sorrenti, G., & Zilibotti, F. (2019). The Economics of Parenting. Annual Review
of Economics, 11(1), 55–84. doi: 10.1146/annurev-economics-080218-030156

Donabedian, A. (1966). Evaluating the Quality of Medical Care. The Milbank Memorial Fund
Quarterly, 44(3), 166. doi: 10.2307/3348969

Doyle, J., Graves, J., & Gruber, J. (2019). Evaluating Measures of Hospital Quality: Evidence
from Ambulance Referral Patterns. The Review of Economics and Statistics, 101(5),
841–852. doi: 10.1162/rest_a_00804

Doyle, O., Harmon, C. P., Heckman, J. J., & Tremblay, R. E. (2009). Investing in early human
development: Timing and economic efficiency. Economics & Human Biology, 7(1), 1–6.
doi: 10.1016/j.ehb.2009.01.002

Dranove, D., Forman, C., Goldfarb, A., & Greenstein, S. (2014). The Trillion Dollar Co-
nundrum: Complementarities and Health Information Technology. American Economic
Journal: Economic Policy, 6(4), 239–270. doi: 10.1257/pol.6.4.239

181

https://doi.org/10.4337/9781800885066.00025
https://doi.org/10.1016/j.regsciurbeco.2024.104063
https://doi.org/10.1002/hec.3541
https://doi.org/10.1016/j.socscimed.2017.10.017
https://doi.org/10.1016/j.socscimed.2016.09.019
https://doi.org/10.1146/annurev-economics-080218-030156
https://doi.org/10.2307/3348969
https://doi.org/10.1162/rest_a_00804
https://doi.org/10.1016/j.ehb.2009.01.002
https://doi.org/10.1257/pol.6.4.239


Dunifon, R., Kalil, A., & Bajracharya, A. (2005). Maternal Working Conditions and Child
Well-Being in Welfare-Leaving Families. Developmental Psychology, 41(6), 851-859.
doi: 10.1037/0012-1649.41.6.851

Ebert, C., & Vollmer, S. (2022). Girls unwanted – The role of parents’ child-specific sex
preference for children’s early mental development. Journal of Health Economics, 82,
102590. doi: 10.1016/j.jhealeco.2022.102590

Eggleston, K., Shen, Y.-C., Lau, J., Schmid, C. H., & Chan, J. (2008). Hospital ownership and
quality of care: what explains the different results in the literature? Health Economics,
17(12), 1345–1362. doi: 10.1002/hec.1333

Eisenberg, N., Cumberland, A., Spinrad, T. L., Fabes, R. A., Shepard, S. A., Reiser, M., . . .
Guthrie, I. K. (2001). The relations of regulation and emotionality to children’s exter-
nalizing and internalizing problem behavior. Child Development, 72(4), 1112–1134.

Elder, T., & Zhou, Y. (2021). The Black-White Gap in Noncognitive Skills among Elementary
School Children. American Economic Journal: Applied Economics, 13(1), 105–132. doi:
10.1257/app.20180732

Epstein, A. J., & Nicholson, S. (2009). The formation and evolution of physician treatment
styles: An application to cesarean sections. Journal of Health Economics, 28(6), 1126–
1140. doi: 10.1016/j.jhealeco.2009.08.003

Ericson, J. E., Popoola, V. O., Smith, P. B., Benjamin, D. K., Fowler, V. G., Benjamin, D. K., . . .
Milstone, A. M. (2015). Burden of Invasive Staphylococcus aureus Infections in Hospi-
talized Infants. JAMA Pediatrics, 169(12), 1105. doi: 10.1001/jamapediatrics.2015.2380

Euro-Peristat. (2018). European Perinatal Health Report. Core indicators of the health and
care of pregnant women and babies in Europe in 2015. Retrieved 2024-08-27, from
https://www.europeristat.com/images/EPHR2015_Mode_of_delivery.pdf

Fabbri, D., & Monfardini, C. (2008). Style of practice and assortative mating: a recursive
probit analysis of Caesarean section scheduling in Italy. Applied Economics, 40(11),
1411–1423. doi: 10.1080/00036840600771395

Facchini, G. (2022). Low staffing in the maternity ward: Keep calm and call the surgeon. Journal
of Economic Behavior & Organization, 197, 370–394. doi: 10.1016/j.jebo.2022.03.013

Farrington, D. (2001). Clinical assessment of dangerousness: Empirical contributions. In
G. Pinard & L. Pagani (Eds.), (pp. 66–88). Cambridge University Press.

182

https://doi.org/10.1037/0012-1649.41.6.851
https://doi.org/10.1016/j.jhealeco.2022.102590
https://doi.org/10.1002/hec.1333
https://doi.org/10.1257/app.20180732
https://doi.org/10.1016/j.jhealeco.2009.08.003
https://doi.org/10.1001/jamapediatrics.2015.2380
https://www.europeristat.com/images/EPHR2015_Mode_of_delivery.pdf
https://doi.org/10.1080/00036840600771395
https://doi.org/10.1016/j.jebo.2022.03.013


Feldman, R. (2021). NHS charging for maternity care in England: Its impact on migrant
women. Critical Social Policy, 41(3), 447–467. doi: 10.1177/0261018320950168

Feng, Z., & Boyle, P. (2013). Do Long Journeys to Work Have Adverse Effects on Mental
Health? Environment and Behavior, 46(5), 609–625. doi: 10.1177/0013916512472053

Fischer, S., Royer, H., & White, C. (2022). Health Care Centralization: The Health Impacts of
Obstetric Unit Closures in the US (Tech. Rep. No. w30141). National Bureau of Economic
Research. doi: 10.3386/w30141

Fitzsimons, E., & Vera-Hernández, M. (2022). Breastfeeding and Child Development. Ameri-
can Economic Journal: Applied Economics, 14(3), 329–366. doi: 10.1257/app.20180385

Flacking, R., Nyqvist, K. H., & Ewald, U. (2007). Effects of socioeconomic status on breast-
feeding duration in mothers of preterm and term infants. The European Journal of Public
Health, 17(6), 579–584. doi: 10.1093/eurpub/ckm019

Frakes, M. (2013). The Impact of Medical Liability Standards on Regional Variations in
Physician Behavior: Evidence from the Adoption of National-Standard Rules. American
Economic Review, 103(1), 257–276. doi: 10.1257/aer.103.1.257

Francese, M., Piacenza, M., Romanelli, M., & Turati, G. (2014). Understanding inap-
propriateness in health spending: The role of regional policies and institutions in
caesarean deliveries. Regional Science and Urban Economics, 49, 262–277. doi:
10.1016/j.regsciurbeco.2014.02.006

Friebel, R., Hauck, K., Aylin, P., & Steventon, A. (2018). National trends in emergency
readmission rates: a longitudinal analysis of administrative data for England between
2006 and 2016. BMJ Open, 8(3), e020325. doi: 10.1136/bmjopen-2017-020325

Fruscalzo, A., Londero, A. P., Salvador, S., Bertozzi, S., Biasioli, A., Della Martina, M., . . .
Marchesoni, D. (2013). New and old predictive factors for breech presentation: our ex-
perience in 14,433 singleton pregnancies and a literature review. The Journal ofMaternal-
Fetal & Neonatal Medicine, 27(2), 167–172. doi: 10.3109/14767058.2013.806891

Fulöp, G., Kopetsch, T., & Schöpe, P. (2009). Catchment areas of medical practices and the
role played by geographical distance in the patient’s choice of doctor. The Annals of
Regional Science, 46(3), 691–706. doi: 10.1007/s00168-009-0347-y

Garcia Roman, J., & Cortina, C. (2015). Family time of couples with children: shortening gender
differences in parenting? Review of Economics of the Household, 14(4), 921–940. doi:

183

https://doi.org/10.1177/0261018320950168
https://doi.org/10.1177/0013916512472053
https://doi.org/10.3386/w30141
https://doi.org/10.1257/app.20180385
https://doi.org/10.1093/eurpub/ckm019
https://doi.org/10.1257/aer.103.1.257
https://doi.org/10.1016/j.regsciurbeco.2014.02.006
https://doi.org/10.1136/bmjopen-2017-020325
https://doi.org/10.3109/14767058.2013.806891
https://doi.org/10.1007/s00168-009-0347-y


10.1007/s11150-015-9315-8

Gaughan, J., Siciliani, L., Gravelle, H., & Moscelli, G. (2020). Do small hospitals have lower
quality? Evidence from the English NHS. Social Science & Medicine, 265, 113500. doi:
10.1016/j.socscimed.2020.113500

Gaynes, R. P., & Solomon, S. (1996). Improving Hospital-Acquired Infection Rates: The CDC
Experience. The Joint Commission Journal on Quality Improvement, 22(7), 457–467.
doi: 10.1016/S1070-3241(16)30248-6

Gaynor, M., Moreno-Serra, R., & Propper, C. (2012). Can Competition Improve Outcomes
in UK Health Care? Lessons from the Past Two Decades. Journal of Health Services
Research & Policy, 17(1), 49–54. doi: 10.1258/jhsrp.2011.011019

Gaynor, M., Moreno-Serra, R., & Propper, C. (2013). Death by Market Power: Reform,
Competition, and Patient Outcomes in the National Health Service. American Economic
Journal: Economic Policy, 5(4), 134–166. doi: 10.1257/pol.5.4.134

Gimenez-Nadal, J. I., & Molina, J. A. (2015). Commuting Time and Household Responsibilities:
Evidence Using Propensity Score Matching. Journal of Regional Science, 56(2), 332-359.
doi: 10.1111/jors.12243
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Abstract: 

In the first chapter I study whether hospitals that exhibit higher quality of care deliver more appropriate care, and I do so 
by zooming in on caesarean section rates, a commonly used indicator to track opportunistic behaviour from healthcare 
providers. I use monthly aggregate data for NHS Hospital Trusts in England, and I find that higher quality hospitals have 
lower elective caesarean section  rates, and  that hospital quality plays a  role especially  in more deprived areas.  In  the 
second chapter,  I  investigate the effect of an emergency (i.e. not planned) caesarean delivery on the health, cognitive 
and non­cognitive outcomes of children 9 months after birth and up to 11 years of age. I do so by exploiting data on first­
time mothers and their children from the Millennium Cohort Study, and to address endogeneity I employ an instrumental 
variable approach that leverages the exogenous variation in the position of the baby in utero at the time of birth. I find no 
evidence  of  a  negative  impact  of  caesarean  deliveries  on  child  health,  and  a  negative  impact  on  cognitive  and  non­
cognitive outcomes;  I also offer some suggestive evidence of  the potential mechanisms at play.  In  the  third chapter,  I 
exploit exogenous shocks  to commuting  time and survey data  from Understanding Society  to  investigate  the effect of 
changes  in  parental  commuting  time  on  the  non­cognitive  development  of  their  children.  I  find  increases  in  maternal 
commuting – but not paternal commuting – have a negative impact on the non­cognitive skills of children. 

 

Nel primo capitolo studio se gli ospedali che mostrano una qualità più elevata forniscono un'assistenza più appropriata ai 
pazienti,  e  mi  concentro  sui  tassi  di  parti  cesarei,  un  indicatore  comunemente  usato  per  monitorare  i  comportamenti 
opportunistici da parte degli operatori  sanitari. Utilizzo dati aggregati mensilmente per gli ospedali del NHS  inglese, e 
trovo che gli ospedali  con qualità più alta hanno  tassi più bassi di  cesarei elettivi, e che  la qualità dell'ospedale è un 
fattore  importante  soprattutto  nelle  aree  più  svantaggiate.  Nel  secondo  capitolo,  studio  l'impatto  di  un  cesareo  di 
emergenza sulla salute e sui risultati cognitivi e non cognitivi dei bambini, 9 mesi dopo la nascita e fino agli 11 anni di 
età; uso dati  tratti dal Millennium Cohort Study sulle madri primipare e  i  loro figli, e per  identificare  l'effetto causale mi 
affido  ad  un  approccio  basato  su  variabili  strumentali  sfruttando  la  variazione  esogena  nella  posizione  in  utero  del 
bambino al momento della nascita. Non trovo evidenza di un impatto negativo dei cesarei sulla salute, ma riscontro un 
impatto negativo sui risultati cognitivi e non cognitivi; mostro inoltre alcuni risultati relativi ai meccanismi in atto. Nel terzo 
capitolo, studio – con dati survey di Understanding Society – l'effetto sullo sviluppo non cognitivo dei bambini degli shock 
al  tempo  che  i  genitori  dedicano  al  commuting  verso  il  luogo  di  lavoro.  Trovo  che  l'aumento  per  le  madri  del  tempo 
dedicato al commuting ha un impatto negativo sulle competenze non cognitive dei bambini, e nessun effetto guardando 
al commuting paterno. 
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