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Abstract

This thesis consists of three empirical chapters of which two are related to the analysis

of hospital performance and one to the determinants of health capital.

Health systems implementing policies to boost hospital efficiency might face a
trade-off with quality of care. Chapter 1 examines whether hospitals experiencing
higher bed occupancy rates are associated with lower quality in the English National
Health Service. Using hospital-level data and linear regressions, the results show that
bed occupancy is positively associated with overall and surgical mortality, negatively
associated with patient-reported health gains but not associated with emergency
readmissions nor condition-specific mortality. The associations are explained by

patient’s length of stay and variations in bed occupancy across hospitals.

Access to public healthcare should not depend on patient’s socioeconomic status.
Chapter 2 evaluates socioeconomic inequalities in inpatient waiting times for surgeries
in publicly funded hospitals in Catalonia, Spain. It uses patient-level data for six
common planned procedures and four cancer surgeries. Compared to patients in the
low-income group, patients in the middle-income group wait 2-6 fewer days for hip
replacement, cataract surgery, and hysterectomy, and less than a day for breast cancer
surgery. Patient and hospital characteristics do not explain waiting times inequalities,

which arise within hospitals.

Early childhood education policies are thought to improve child human capital
development. Chapter 3 explores the effect of a universal preschool programme in
Spain, which expanded public preschool places at age three, on long-term health. The
chapter exploits the timing and geographical variation of the programme by employing
a difference-in-differences strategy and uses survey and registry data. It finds that the
policy does not affect long-term health, except for two outcomes. Children aged three
post-policy residing in regions exposed to a greater initial implementation intensity of

the programme have a lower prevalence of asthma but higher hospitalisation rates.
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Introduction

Healthcare aims at enhancing the health of the population through the prevention,
diagnosis and treatment of diseases. Given its relevance in improving people’s quality
of life, governments, organisations, and households devote a notable part of their
income to fund and invest in healthcare. Health expenditure among the Organisation
for Economic Co-operation and Development (OECD) countries averaged 8.8% of
GDP in 2019, although growth in health spending to GDP slowed down since 2013
and it is expected to rise up to 9.7% in 2020 due to the Covid-19 pandemic (OECD,
2021b). Within government spending in 2019, public spending on healthcare averaged
7% of GDP among the European OECD countries, being hospital care the largest
category with 3.1% of GDP (OECD, 2021a). However, the share of hospital spending
has declined by 0.19 percentage points (p.p.) between 2009 and 2019 mainly because
average patient’s length of stay (LOS) in hospitals has shortened (OECD, 2021a).

Over the recent decades, health systems have been under significant pressure due
to ageing populations driven by longer life expectancy, widespread chronic disease
morbidities, technology developments, and tight budgets. Among the OECD
countries, the proportion of population aged 65 or older was less than 9% in 1960,
around 17.3% in 2019 and expected to rise up to 26.7% by 2050 (OECD, 2021b).
Similarly, more than a third (35.2%) of the population older than 16 lived with a long-
term condition in that same year (OECD, 2021b). The limited funding relative to need
in health systems, which is likely to continue, might worsen the quality of healthcare
services provided and, ultimately, deteriorate the health of patients as well as of the
population as a whole if further reforms are not undertaken. To address constraints on
healthcare, policymakers aim at implementing policies to both ameliorate the health
of the population and maintain the sustainability of health systems while stimulating

their efficiency.

This thesis comprises three chapters structured in two parts each focusing on a
policy domain. The first part (Chapters 1 and 2) relates to two major policy issues in

hospital care, namely high bed occupancy rates and long waiting times. They both



result from increases in the demand for healthcare (e.g. due to an ageing population),
constraints in the supply of healthcare (e.g. due to limited hospital capacity), and
advances in medical technology (e.g. same-day hospital surgeries and discharges).
Concerns have been raised that high bed occupancy rates and long waiting times could
have negative impacts on patients’ health outcomes (British Medical Association,
2017; Koopmanschap et al., 2005).

The second part of the thesis (Chapter 3) shifts the focus to the analysis of
government investments in human capital. Human capital consists of individual’s
attributes such as knowledge, skills, health, and values that can be boosted through
investments in education, training, medical care, etc. (Becker, 1994). Investments in
human capital such as education are thought to shape the efficiency of individual’s
health capital production function (Grossman, 1972). A range of educational policy
initiatives, mainly in early formative years, have been developed given that countries
seek to improve individual’s human capital including health. The remaining of this

introduction motivates and summarises each chapter in more detail.

The first part of this thesis contributes to the literature on hospital performance.
Policymakers have rolled out several cost-containment policies to incentivise hospital
efficiency. A common cost-containment policy is the reimbursement of hospitals by
prospective payment systems based on Diagnosis Related Group (DRG) tariffs for
which hospitals are remunerated by a fixed price set in advance according to patient’s
complexity, procedures, and characteristics. Other cost-minimising strategies involve
shortening patient’s LOS by switching overnight hospital stays for day-cases
(Gaughan et al., 2019), or shrinking hospital capacity through decreasing the number
of beds. The latter together with an increasing demand for hospital care might result
in high bed occupancy rates. Although bed occupancy rates are a measure of hospital
efficiency and low values might imply a wasteful allocation of resources, high bed
occupancy rates may be also indicative of an overloaded hospital system that could
lead to a provision of health services with worse quality (British Medical Association,
2017).

Chapter 1 analyses the trade-off between efficiency and quality in hospital care
by investigating whether hospitals reporting higher bed occupancy rates are associated

with lower quality and which factors explain such association. It focuses on acute



hospitals in the English National Health Service (NHS) over the period of time 2010-
2018 with bed occupancy rates exceeding the recommended level of 85% to be
capable of facing unforeseen patients and offering optimal quality (Bagust et al.,
1999). This chapter contributes to the literature on the relation between bed occupancy
rates and hospital quality whose findings are inconclusive (Blom et al., 2014, 2015;
Boden et al., 2016; Friebel et al., 2019; Long & Mathews, 2018; Madsen et al., 2014;
Mennicken etal., 2011; Sprivulis et al., 2006) and, more generally, to the policy debate

on how to maximise healthcare efficiency without incurring a loss in quality of care.

The data used is a hospital-level panel from 2010/11 to 2017/18 formed by
merging several NHS databases. Quality is proxied by risk-adjusted overall, surgical
and condition-specific mortality, emergency readmission rates and patient reported
health outcomes. A conceptual framework is developed to show that bed occupancy
rates can affect quality directly, but a set of demand-supply shifters including the
determinants of bed occupancy rates (beds, LOS, and hospital volume) might also
impact quality directly or indirectly through bed occupancy rates. This conceptual
framework is employed to guide the empirical analysis. First, the chapter studies
whether high bed occupancy rates act as a signal of lower quality, information that can
be used by policymakers to trigger additional auditing or monitoring. To do so, the
association between bed occupancy rates and hospital quality is estimated by running
a pooled Ordinary Least Squares (OLS) model without controlling for third factors.
Next, the chapter evaluates if this association is explained by any demand-supply
shifter or determinant of bed occupancy rates by adding to the model a set of control
variables. Finally, it examines whether the association arises across or within
hospitals. Then, the association is decomposed into the time-invariant component of
bed occupancy rates (between association) and its time-varying component (within

association) by estimating a within-between random-effects model.

The results show that high bed occupancy rates are positively associated with
overall and surgical mortality, and negatively associated with patient reported health
outcomes for hip and knee replacements. These associations are robust to adding
demand-supply shifters and two determinants of bed occupancy rates, beds and
hospital volume. Instead, LOS explains around 12%-25% of the association for overall

and surgical mortality, and patient reported health outcomes for knee replacement.



Findings also indicate that the associations estimated are mainly explained by

variations in bed occupancy rates across hospitals.

The first part of the thesis also contributes to the analysis of another dimension
of hospital performance, waiting times. Waiting times act as a non-price rationing
mechanism so that the demand for and the supply of health services are equalised in
publicly funded health systems with limited or no co-payments (Martin & Smith,
1999). Waiting times are, however, a major health policy issue in many OECD
countries (Siciliani et al., 2013). Long waiting times might be costly and reduce
patient’s ability to benefit from healthcare (Koopmanschap et al., 2005), and several
policies have been implemented to shorten them (Siciliani et al., 2013). These policies
can target the supply side (e.g. additional funding), the demand side (e.g. prioritisation
tools), or be a combination of both (e.g. maximum waiting time guarantees). Apart
from long waits, equity concerns are also in the broad waiting time policy debate given
the presence of waiting times inequalities in publicly funded hospital care. One
justification for rationing public healthcare by waiting times is that access to health
services should not depend on patient’s ability to pay or socioeconomic status (SES),
but rather on patient’s severity. Recent evidence identified that patients with higher
SES wait less than those with lower SES across several countries and surgical
treatments (Landi et al., 2018; Siciliani, 2016).

Chapter 2 explores socioeconomic inequalities in waiting times in publicly
funded health systems. It investigates whether patients with higher SES experience
shorter inpatient waiting times for publicly funded hospital procedures in Catalonia
(Spain) from 2015 to 2019. It also reviews whether patient or hospital characteristics
might act as mediators that explain socioeconomic inequalities and whether these arise
across or within hospitals. The chapter adds to the wide international literature
studying waiting times inequalities (Carlsen & Kaarboe, 2015; Cooper et al., 2009;
Johar et al., 2013; Kaarboe & Carlsen, 2014; Laudicella et al., 2012; Monstad et al.,
2014; Moscelli et al., 2018; Sharma et al., 2013; Simonsen et al., 2020; Tinghdg et al.,
2014) by examining six common planned surgeries (hip replacement, knee
replacement, cataract surgery, prostatectomy, hysterectomy, and coronary bypass),
and extends previous evidence by considering four cancer surgeries (female breast,
prostate, colorectal, and lung cancer). This chapter also contributes to the evidence

from Spain of waiting times inequalities (Abéasolo et al., 2014; Garcia-Corchero &
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Jiménez-Rubio, 2021; Siciliani & Verzulli, 2009). A pro-rich socioeconomic gradient
is present in health indicators, such as mortality, morbidity, use of healthcare services,
and consumption of medicines, amongst the Catalan population (Carrilero et al., 2020;

Garcia-Altes et al., 2018), but inequalities in waiting times remain unstudied.

The analysis uses a patient-level dataset of all patients admitted to the waiting list
for the surgeries considered over 2015-2019. Waiting times are measured as the time
elapsed from admission to the waiting list after specialist’s referral to treatment. SES
is measured by four mutually exclusive income categories (very low, low, middle, and
high-income groups) calculated on the basis of co-payment levels for medicines,
which depend on patient’s annual gross income or Social Security benefits (Garcia-
Altés et al., 2018). In an OLS framework, waiting times are regressed against the
income categories to estimate whether waiting times and patient’s SES are associated.
If so, the study employs a similar strategy to a mediation analysis in which the
association between waiting times and patient’s SES net of mediators is estimated.
The association could be explained by patient characteristics (e.g. gender, age,
comorbidities) or hospital characteristics (e.g. hospital type), which are controlled for
in alternative OLS specifications. Hospital fixed effects are also included in order to
analyse whether socioeconomic inequalities arise across or within hospitals.
Inequalities arise across hospitals if poorer patients attend hospitals with longer
waiting times, while they arise within hospitals when patients with different SES and
attending the same hospital wait differently (Laudicella et al., 2012).

The study highlights the presence of some inequalities in favour of patients in
higher income groups. These socioeconomic inequalities arise mostly within hospitals
and are not explained by patient characteristics and location, or type of hospital. For
hip replacement, relative to patients in the low-income group, patients in the very low-
income group wait 5.6 more days and those in the middle-income group wait 4.8 days
less. For cataract surgery, patients in the middle-income group wait 2.4 days shorter
relative to patients in the low-income group. For hip and knee replacement, and
cataract surgery, patients in the high-income group wait substantially less (over 20
days), although few patients are in the high-income group. The results show fewer
inequalities for more urgent planned procedures (hysterectomy, coronary bypass), and
smaller for cancer surgeries. Chapter 2 also examines the presence of socioeconomic

inequalities for patients who exited the waiting list for other reasons than surgery. For

5



certain procedures, patients in higher income groups are more likely to voluntarily exit
the waiting list and have a lower probability of having a surgery cancelled for medical

reasons and dying while waiting.

The second part of this thesis relates to the study of the effect of government
educational policies on health. Given how heterogeneous life conditions are among
individuals, governments invest in human capital to provide their populations with
equal opportunities to prosper and live better-off. In doing so, governments may
improve the health of the population and reduce health inequalities as investments in
human capital such as education are expected to increase individual’s stock of health
capital (Grossman, 1972). Additionally, the rate of return of these investments
decreases with age, implying that early life investments are more effective than later
ones (Carneiro & Heckman, 2003). In particular, early childhood education
programmes are expected to enhance short- and long-term child outcomes in many
domains ranging from education, income, and employment to health (Almond et al.,
2018; Ruhm & Waldfogel, 2012). Assessing the effects of early life education

interventions are therefore in the agenda of policymakers.

Chapter 3 examines whether children benefit from early childhood education
policies by analysing the causal effect of universal preschool programmes on health
and healthcare use in the long run. It focuses on the Spanish universal preschool
programme, which implied a large-scale expansion of high-quality full-time public
preschool places for children aged three in 1991/92 school year. This chapter
contributes to the limited literature on the impact of universal early education policies
on long-term health (Baker et al., 2019; Breivik et al., 2020; Haeck et al., 2018), and
to the political debate about whether preschool education should be targeted or

universal.

The analysis employs data from two cross-sectional health surveys in 2003 and
2006 and hospitalisation and death registries between 1999 and 2018, when children
in the sample were aged 11-27. The identification strategy of the study relies on
exploiting the timing of the policy and the differential speed of public preschool
expansion across regions, conditional on several pre-reform characteristics that could
have predisposed regions to a greater (or not) initial implementation intensity. Using

a difference-in-differences (DiD) approach, the investigation compares long-term



health outcomes of cohorts aged three before to those aged three after the start of the
policy across individuals residing/born in regions with varying initial implementation
intensity of the programme. The treatment used in the DiD model comprises a
continuous variable capturing the regional p.p. increase in public enrolment rates for
three-year-olds over the first four years of implementation. By doing this, the

treatment variable encapsulates the initial implementation intensity induced by the
policy.

Overall, the Spanish universal preschool programme has no effect on long-term
health, except for two outcomes. The results show that a greater initial intensity in
public preschool expansion by 10p.p. decreases the likelihood of being diagnosed with
asthma by 2.1p.p. for children aged three post-policy. Instead, the hospitalisation rates
for these same children increase by 2.7%. The findings also show that the effect on
asthma is more pronounced for men, while the effect on hospitalisation rates is higher
for women with pregnancy-related diagnoses. This latter (unexpected) result is close
to the rise in sickness absences and primary healthcare visits related to normal
pregnancies from the universal childcare programme in Norway (Breivik et al., 2020).
The heterogeneity analysis by parental education indicates that children with low and
medium SES benefited the most, which is in line with previous evidence suggesting
that the productivity of time spent in universal childcare is greater for children from

disadvantaged backgrounds (van Huizen & Plantenga, 2018).

The rest of the thesis is organised as follows. Chapter 1 presents the analysis of
the association between bed occupancy rates and hospital quality in the English NHS.
Chapter 2 details the study of socioeconomic inequalities in waiting times for publicly
funded planned and cancer surgeries in Catalonia. Chapter 3 explains the investigation
of the causal effect of the Spanish universal preschool programme on long-term health.
Finally, the concluding chapter of this thesis overviews its key findings, derives policy
implications, discusses a set of limitations related to the data and methods employed

in each chapter, and suggests avenues for future research.



1 Chapter 1. The Association between Bed
Occupancy Rates and Hospital Quality in the

English National Health Service



Abstract

We study whether hospitals that exhibit systematically higher bed occupancy rates are
associated with lower quality in England over 2010/11-2017/18. We develop an
economic conceptual framework to guide our empirical analysis and run regressions
to inform possible policy interventions. First, we run a pooled OLS regression to test
if high bed occupancy is associated with, and therefore acts as a signal of, lower
quality, which could trigger additional regulation. Second, we test whether this
association is explained by exogenous demand-supply factors, such as potential
demand and unavoidable costs. Third, we include determinants of bed occupancy
(beds, length of stay, and volume) that might be associated with quality directly, rather
than indirectly through bed occupancy. Last, we use a within-between random-effects
specification to decompose these associations into those due to variations in
characteristics between hospitals and variations within hospitals. We find that bed
occupancy rates are positively associated with overall and surgical mortality,
negatively associated with patient-reported health gains but not associated with other
indicators. These results are robust to controlling for demand-supply shifters, beds,
and volume. The associations reduce by 12%-25% after controlling for length of stay
in most cases and are explained by variations in bed occupancy between hospitals.

Keywords: Bed Occupancy Rates; Hospital Quality; National Health Service;
England.

JEL codes: 110, 111.



1.1 Introduction

Policymakers aim at improving quality of care and efficiency of health systems.
Aligning both objectives may be difficult and a trade-off might arise (Mennicken et
al., 2011). Within the hospital sector, one major concern relates to the increasingly
intense use of beds that leads to higher bed occupancy rates (the ratio of the number
of occupied beds over available beds), and therefore efficiency, but potentially lower
quality (British Medical Association, 2017).

Bed occupancy rates have increased due to secular declines in beds and a growing
demand for hospital services. Hospital beds per capita reduced in most Organisation
for Economic Co-operation and Development (OECD) countries from an average of
5.8 per 1,000 population in 2000 to 4.7 in 2017 (OECD, 2019). Several factors drove
this reduction. First, progress in medical technology allowed countries to perform
more surgeries on a same-day basis avoiding overnight stays (OECD, 2019) and
shortening length of stay (LOS). LOS also reduced under the pressure to cut costs
induced by prospective payment systems based on Diagnosis Related Group (DRG)
tariffs (OECD, 2019) and programmes such as the English Reducing Length of Stay
(NHS England, 2019). Second, reduction in hospital capacity was accelerated by cuts
in public health spending following the financial and economic crises in European
countries! (OECD, 2017) and broader policies aimed at reducing hospital admissions
(OECD, 2019). These supply changes were accompanied by a growing demand for
beds linked to the rising prevalence of chronic conditions and an ageing population
(British Medical Association, 2017).

Low bed occupancy may be a sign of underutilisation and leave scope for
improving efficiency. However, high bed occupancy rates may also be problematic if
they are symptomatic of a health system under pressure and result in inappropriate and
undesirable practices that lead to premature discharges, overcrowding of facilities,
staff workload pressure, and eventually worse quality of care (see Section 1.2 for a

detailed discussion).

1 In the United Kingdom, annual growth rate of government-financed health expenditure in real terms
(2018 prices) and adjusted by inflation decreased from 6.1% in 2009 to 1% in 2010, reaching a negative
growth of 0.6% in 2013 (Office for National Statistics, 2020).
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Due to Covid-19, countries had to suspend planned care and a backlog of patients
was formed as a result. Given the limited capacity that several health systems face, the
high demand for healthcare from the backlog is likely to put pressure on hospitals to
increase bed occupancy rates. It is therefore important to understand the relation

between bed occupancy rates and hospital quality.

According to the National Audit Office (2013), bed occupancy rates are deemed
efficient if around 85%, while rates above this level might lead to periodic bed
shortages and levels exceeding 90% may prompt regular bed crises (Bagust et al.,
1999). Although costly, maintaining some beds unoccupied is necessary to ensure
hospitals can meet unexpected demand and deliver good quality of care (Bagust et al.,
1999).

This is the case of the National Health Service (NHS) in England where concerns
related to declines in the number of beds and increases in bed occupancy rates have
been raised (The King’s Fund, 2021). The number of overnight general and acute beds
fell by 7% between 2010/11 and 2019/20, while occupied beds only decreased by 4%?2.
As a result, general and acute bed occupancy increased from 87% to 90% over the
same period (Figure 1.1).

Figure 1.1 General and Acute Available and Occupied Beds
and Bed Occupancy Rates (2010/11-2019/20)
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Ex%] Available Beds Occupied Beds === Bed Occupancy Rate

Source: NHS England Statistics (https://www.england.nhs.uk/statistics/statistical-work-areas/bed-
availability-and-occupancy/).

2 Data from NHS England Statistics (https://www.england.nhs.uk/statistics/statistical-work-areas/bed-
availability-and-occupancy/).
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Despite its policy relevance, evidence on the association between high bed
occupancy rates and hospital quality is limited and inconclusive (see Section 1.1.1).
The aim of this study is to investigate if hospitals that exhibit systematically higher
bed occupancy rates in the English NHS are associated with lower quality and whether
arange of demand-supply factors and determinants of bed occupancy rates can explain
such association. Although our estimates cannot be interpreted as causal, they inform

possible policy interventions as explained below.

We first develop a conceptual framework of the intricate relation between bed
occupancy rates and hospital quality. We show how a range of demand-supply factors
affect both bed occupancy and quality. We give special attention to three variables of
which bed occupancy rates are a function (beds, LOS, and volume of patients treated)
and explain how these affect quality both directly and indirectly through bed
occupancy, while being themselves affected by demand-supply factors.

Our conceptual framework guides the empirical analysis. First, we run a pooled
regression of quality on bed occupancy rates only controlling for year fixed effects.
This allows us to test if bed occupancy is associated and therefore acts as a signal of
lower quality. If this is the case, then regulators could use high bed occupancy rates
as an indicator to trigger additional monitoring or auditing interventions on hospital
quality. In this respect, it is important not to control for other factors in the empirical
analysis, as the regulator would want to address low quality regardless of the factors

causing it.

Second, we test if any association between bed occupancy rates and quality is
explained by exogenous demand factors (e.g. elderly population, income deprivation)
and supply factors (e.g. unavoidable costs, skill mix, type of hospital). This might help
regulators to cluster groups of hospitals based on the characteristics of the population
in the catchment area they serve (e.g. deprived areas) or hospital characteristics (e.g.

high unavoidable labour and capital costs or teaching status).

Third, we further include three key determinants of bed occupancy rates that
might be associated with quality directly and indirectly, which in our conceptual
framework have shown to be LOS, volume, and beds. This specification allows
identifying which source of variation in bed occupancy rates is responsible for the

association with quality. For example, high bed occupancy rates may be driven by
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high LOS, high volume of admissions, low availability of beds or a combination of

them.

Fourth, we estimate a within-between random-effects model to decompose the
association between quality and bed occupancy that is due to the time-invariant
component of bed occupancy rates across hospitals (between association) versus the
time-varying component of bed occupancy rates (within association). This approach
allows to inform possible policy interventions. For example, if we find that the
association is due to variation between hospitals, then regulators can target hospitals
that systematically perform poorly. If instead variation arises within hospitals, then
regulators can target hospitals experiencing sharp increases in bed occupancy rates
over time, even when starting at lower levels of bed occupancy rates. The advantage
of the within-between random-effects model is that it allows to explore simultaneously
both variations in bed occupancy rates over time (within association), and variations
across providers (between association). This latter would be precluded in a fixed effect
model because the variations in characteristics across providers (between variation)

would be absorbed by the hospital fixed effects.

Our data comprise a wide range of risk-adjusted quality measures (overall
mortality, surgical and condition-specific -heart attack, hip fracture, and stroke-
mortality, emergency readmission rates, and patient reported health outcomes for hip
and knee replacements) and overnight bed occupancy rates for English public acute
hospitals over 2010/11-2017/18.

The results show that bed occupancy rates are negatively associated with a subset
of quality indicators. In more detail, bed occupancy rates are positively associated with
overall and surgical mortality (higher mortality implies lower quality) and negatively
associated with patient reported health outcomes for hip and knee replacements, while
they are not associated with condition-specific mortality nor emergency readmissions.
In quantitative terms, a 5 percentage points (p.p.) increase in bed occupancy is
associated with 0.5%-0.9% reduction in patient reported health outcomes, 1.1%
increase in overall mortality, and 3.1% increase in surgical mortality. We focus on a
5p.p. increase in bed occupancy rate as this corresponds to about one standard
deviation observed in the data. These associations are not explained by demand-supply

shifters, nor by hospital availability of beds or patient volume. Instead, LOS explains
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12%-25% of the association between bed occupancy and overall and surgical
mortality, and health gain after a knee replacement. Finally, these associations are
explained by variations in bed occupancy rates between hospitals rather than within
hospitals, except for surgical mortality, therefore suggesting that these associations are

persistent over time across hospitals.

The study makes different contributions to the literature. First, we provide a novel
conceptual framework, which highlights the complex relation between bed occupancy
rates, quality and its supply and demand determinants. Second, this conceptual
framework guides our empirical analysis, which is used to answer four policy-related
questions that can help regulators tackling low quality associated with high bed
occupancy rates. Unlike previous evidence, we do not only aim at estimating the
association between bed occupancy rates and hospital quality, but we explore factors
that might explain it. Third, we extend previous work with a richer set of quality
measures, such as condition-specific mortality and Patients Reported Outcome
Measures for knee and hip replacements, and a wider set of control variables, such as
hospital competition, unavoidable costs (Market Forces Factor), and characteristics of
population residing in the hospital’s catchment area (Blom et al., 2014, 2015; Boden
et al., 2016; Friebel et al., 2019; Long & Mathews, 2018; Madsen et al., 2014;
Mennicken et al., 2011; Sprivulis et al., 2006). We also focus on a long panel of data
for a time period (2010-2018) characterised by high bed occupancy rates between 85%
and 90%. Fourth, we decompose the association between bed occupancy and quality
that is due to variations in bed occupancy both across and within hospitals using a
within-between random-effects model. Last, we emphasise the role of LOS in

explaining the association between quality and bed occupancy rates.

The rest of this study is structured as follows. Section 1.1.1 reviews the literature
and Section 1.1.2 gives the institutional background. Section 1.2 develops the
conceptual framework. Section 1.3 outlines the regression methods. Section 1.4
describes the data and Section 1.5 provides and discusses the results. Section 1.6

concludes.
1.1.1 Related Literature

Our study contributes to the literature on the association between bed occupancy and

quality and, more broadly, to the literature on the relation between efficiency and
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quality. Several clinical studies investigate the association between bed occupancy
rates and hospital quality with mixed findings. Some find a positive association
between bed occupancy and in-hospital mortality and mortality following discharge
from hospital in Western Australia (Sprivulis et al., 2006), Germany (Mennicken et
al., 2011), and Denmark (Madsen et al., 2014). On the contrary, Long & Mathews
(2018) find a negative association between ward occupancy rates and in-hospital
mortality for the United States. Boden et al. (2016) analyse an intervention that aimed
at reducing bed occupancy to 90% over a 32-month period at an English hospital trust
applying interrupted time-series analysis. They show that lowering medical bed

occupancy is associated with a decrease in mortality.

For Sweden, Blom et al. (2014, 2015) evaluate the association between bed
occupancy rates and unplanned 72h revisits to the emergency department and
emergency readmissions within 30 days of hospital discharge, respectively. The
former study finds no significant association, while the latter finds a positive
association. Friebel et al. (2019) use a two-year panel of data comprising all non-
specialist acute hospital trusts in England and find a small clinically significant
positive association between bed occupancy rates and emergency readmissions after

controlling for hospital fixed effects?.

Other studies (e.g. Abhicharttibutra et al., 2018; Boyle et al., 2014; Kaier et al.,
2010; Vella et al., 2017) find that high bed occupancy rates are associated with
increases in adverse events occurring in hospitals, such as patient falls, pressure ulcers,
hospital-acquired pneumonia, hospital-acquired infections, medication errors,

complaints, and patient identification errors.

Although not focusing on bed occupancy rates, some studies have investigated
the relation between efficiency and quality. Several studies use a stochastic frontier

approach to estimate hospital efficiency. Deily & McKay (2006) show that cost

3 Measurement of bed occupancy rates varies across studies. For example, Mennicken et al. (2011)
compute bed occupancy rates as daily patient count divided by average number of beds in each
department, Madsen et al., (2014) calculate them as patients assigned to a department over staffed beds
in the department at any time and date, Blom et al. (2014, 2015) consider the hourly proportion of
occupied beds, and Friebel et al. (2019) use daily inpatients present at midnight over average daily
number of beds by quarter. Closer related to our study, Boden et al. (2016) compute monthly bed
occupancy rates as the ratio of occupied beds over total bed base at midnight. Our aim is to study
whether there exists a systematic association between bed occupancy rates and quality and, thus, we
calculate bed occupancy rates as average daily number of occupied beds at midnight over the average
daily number of available beds by quarter aggregated at annual level (see Section 1.4).
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inefficiency is positively associated with mortality for acute hospitals in Florida.
McKay & Deily (2008) find a lack of association between cost inefficiency and
mortality and complication rates for the United States. Martini et al. (2014) find that
more efficient hospitals in Lombardy (Italy) are associated with higher mortality and
lower readmission rates. Laine et al. (2005) find no association except for prevalence
of pressure ulcers in Finland. Using costs as a proxy for efficiency, some studies find
a negative association with quality suggesting a cost-quality trade-off (Carey &
Burgess, 1999; Fleming, 1991) and showing that cost containment and quality
improvement might be complements (Gutacker et al., 2013; Hvenegaard et al., 2011).
Others provide evidence that the relationship is U-shaped, with quality reducing costs
at low levels of quality and increasing costs at higher levels (Hvenegaard et al., 2011;
Weech-Maldonado et al., 2006). Stargardt et al. (2014) for Germany and Hakkinen et
al. (2015) for five European countries (Finland, Hungary, Italy, Norway, and Sweden)
address endogeneity of efficiency by using a two-stage residual inclusion model and

find mixed results by country and quality measures.
1.1.2 English National Health Service

The English NHS provides healthcare free at the point of use. It is publicly funded
through general taxation and monitored by the Department of Health and Social Care.
Health expenditure per capita in nominal values increased by 115% from £891 in
2000/01 to £1,912 in 2012/13, although annual growth decreased from 10% between
2000/01 and 2010/11 to 1% between 2010/11 and 2012/13 (Bevan et al., 2014).
Annual growth in health expenditure per capita was on average 3% until 2018/19 (HM
Treasury, 2019, 2020).

General practitioners provide primary care and act as gatekeepers to access
specialist services. NHS patients can attend both public and private hospitals. Public
hospitals are aggregated in organisational units called NHS Trusts*, which can have
teaching status by offering teaching and research activities and/or specialist status by
focusing on particular conditions (Longo et al., 2017). NHS Trusts might also have

Foundation Trust status obtaining more financial autonomy (Boyle, 2011).

# In this study, we use the words hospital and trust interchangeably.
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The English NHS has a prospective payment system known as Payment by
Results since 2003/04 (Boyle, 2011; Department of Health, 2011) based on the
Healthcare Resource Groups (HRGs), similar to DRGs in the United States. Patients
can choose hospital which has fostered competition since 2008 (Department of Health,
2009).

Overnight acute beds fell from 110,568 to 102,194 between 2010/11 and 2019/20
(The Nuffield Trust, 2021). Contributors to this decline are technology advances in
medical care, such as day surgeries and improvements in anaesthetic and surgical
procedures, pain control, and recovery methods, which led to reductions in LOS from
8.2 days in 2000/01 to 4.5 in 2018/19, and policies targeting at moving mental health,
learning disabilities, and long-term care away from hospitals to community, and care,
nursing, and patient’s homes (The King’s Fund, 2021). Despite these efforts, hospital

demand and admissions have continuously risen (The King’s Fund, 2016).

NHS England and NHS Improvement recommended to avoid bed occupancy
rates above 92% (NHS Improvement & NHS England, 2017). The 2020/21 NHS
national planning guidance stated a maximum of 92% to be achieved through
increasing acute bed stocks, community care, investment in primary care, and
reductions in LOS and admissions (NHS Improvement & NHS England, 2020).

1.2 Conceptual Framework

We provide a conceptual framework on the relation between bed occupancy rates and
quality. We distinguish between factors through which bed occupancy affects quality
directly, and factors that affect both bed occupancy rates and quality. These relations

are summarised in Figure 1.2.

We define bed occupancy rate (BOR) in a given hospital in a given day as the

number of occupied beds over the number of available beds:

BOR — occupied beds
" available beds’

Assume for simplicity that patients do not differ in severity and have the same
LOS, and that the system is in steady state so that the number of beds, occupied or
available, and LOS are constant over time. For a given LOS (also measured in days)

and number of occupied beds in a given day, the number of patients finishing treatment
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occupied beds
LOS

and being discharged Y each day in a given hospital is equal to Y = . For

example, if 90 beds are occupied each day (giving 90 occupied bed-days) and each
patient stays three days, then on average 30 patients complete the treatment and are

discharged in the hospital each day. We can therefore rewrite BOR as:
Y
BOR = LOS x 5 (1.2)

where B is the number of available beds and Y/B is the ratio of volume of patients
discharged over available beds. Bed occupancy rate is therefore determined by beds,

LOS, and volume (bold arrows in Figure 1.2)°.

Hospital volume can be thought as the equilibrium between hospital demand and
supply. Formally, volume Y = Y(x9, x, B, q) is a function of demand shifters x¢, supply
shifters x* (including hospital beds B), and quality g. Higher quality may affect
equilibrium volume through both demand and supply (dashed arrow in Figure 1.2). If
patients can choose hospital, higher quality may attract more patients, but higher
quality is also costly and implies lower supply and volume. On the demand side,
providers respond to higher demand, due to an older or sicker population around the
catchment area, by increasing supply and volume. Hospitals increase supply through
bed expansions, re-organising staff shifts, hiring temporary staff, or speeding patients’
discharge. Supply shifters such as clinical staff and its composition, operating theatres

and available beds® increase volume.

We assume that LOS is a function of demand and supply shifters, including beds,
and volume, LOS = LOS(x9, xS, B, Y). Higher availability of beds frees up capacity and
might induce providers to increase LOS. Similarly, larger hospitals may treat more
severe patients whose stays are longer. Higher demand or volume instead could induce

providers to reduce LOS to accommodate additional patients, for a given capacity.

> We have defined BOR in terms of beds, occupied or available, each day. We could also express the
bed occupancy in terms of bed-days over a longer period, e.g. a week, a quarter or a year. If we choose

. ied bed—d i . R
a year, we can define BOR = 2=tPreCReC CAVI AV The yolume of patients treated in a year
LOS X patients treated inayear _ LOS XY X 365

available bed—days in a year
occupied bedL—Oiays inayear gIVIng BOR =
which is the same as in (1.1).

& Although beds can be classified as a supply shifter, we include them as a separate variable because

they affect directly bed occupancy rates.

becomes then

available bed—days in a year B X 365
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Our interest is in understanding the relation between quality and bed occupancy

rates given by:
q = f (x4 x%,B,L0S(.), Y(.),BOR(B,LOS(.), Y(.))) (1.2)

where recall LOS = LOS(x¢, x5, B, Y) and Y = Y(x4, x5, B, q). Quality can be affected
directly by bed occupancy rates, which are a function of beds, LOS, and volume, and
by other factors, such as demand and supply shifters. Below, we describe these effects

illustrated in Figure 1.2.

Direct effect of bed occupancy rates on quality

High bed occupancy rates imply limited availability of beds that can result in restricted
access, which puts quality at risk (Keegan, 2010). First, assessment and treatment
initiated in emergency wards and inappropriate admissions (e.g. allocating patients in
unsuitable wards) might be more frequent. Second, admissions may be delayed,
elective operations cancelled, and waiting times and trolley waits lengthened
(Gaughan et al., 2020). Third, hospitals might discharge patients prematurely (Blom
et al., 2015; Friebel et al., 2019) to accommodate new admissions. This could shorten
medical attention and incomplete treatments that may slow down patient’s health
recovery, jeopardise patient’s care, and worsen health outcomes by increasing

unplanned readmissions or deaths following hospital discharge.

Clinical staff face higher workloads when bed occupancy is high. This may imply
more medical negligence and adverse events (Abhicharttibutra et al., 2018; Boyle et
al., 2014), staff physical and mental fatigue (Virtanen et al., 2008), and greater ease of
acquiring infections due to decreased hand-hygiene compliance, patient and staff
movement, and less rigorous decontamination (Clements et al., 2008). These
malpractices might affect patients’ health and decline quality standards. Other reasons
for hospital-acquired infections due to high bed occupancy rates include closer
proximity between patients, reduced levels of patient cohorting (i.e. grouping patients
exposed/diagnosed with a specific infection), and overburdening of isolation facilities
(Clements et al., 2008). Patients acquiring a hospital infection can see their condition

aggravated.
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Demand and supply shifters

Demand and supply shifters (x9, x%) can affect quality directly, but also indirectly
through the determinants of bed occupancy (i.e. LOS and volume, dotted arrows in
Figure 1.2).

Concerning demand shifters, hospitals located in more populated areas face larger
demands which translate into higher volume but also shorter LOS, with an ambiguous
effect on bed occupancy. Hospitals facing populations with higher need and degree of
frailty (older, sicker or poorer) could translate into worse health outcomes and may
affect bed occupancy rates through longer stays and higher volume.

Regarding supply shifters, hospitals with higher capital endowment (more MRI
machines, CT scans) and labour endowment (more skilled workforce) may improve
quality through better treatment and diagnosis and affect bed occupancy via volume
and LOS. Providers with better management can enhance quality standards (Bloom et
al., 2020) and manage beds more efficiently. Hospitals facing more competition may
attract patients by providing better quality (Gaynor, 2007) and experience higher bed
occupancy. However, competition might also foster hospitals’ efficiency (Longo et
al., 2019) by shortening stay, for given volume and beds. Providers may differ in
exogenous (unavoidable) costs due to location that could reduce quality and put
pressure on hospital’s LOS. Finally, teaching hospitals have a better reputation and
their status is a marker of quality, while obtaining synergies through teaching and

research.

Beds, LOS and volume

Beds, LOS and volume affect bed occupancy rates by definition as shown in equation
(1.1), but can directly influence quality (arrows from Beds, LOS and Y to Quality in
Figure 1.2).

A longer LOS might give patients more medical attention in a safer environment
that could improve health status, but also wider exposure to infections and trigger
mental health problems associated with hospitalisation. Hospitals with larger volume
and capacity can exploit scale economies or learning-by-doing effects (Ho, 2014).

Larger hospitals can likewise benefit from scope economies by treating a broader
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range of diagnoses or technological advances that enable hospitals to be more

productive by relying on new treatments and medical equipment.

Figure 1.2 Conceptual Framework

Note: BOR = Bed Occupancy Rate; LOS = Length of Stay; Y = Volume; x¢ = Demand shifters; x* =
Supply shifters.

1.3 Econometric Approach

To investigate the association between bed occupancy rates and quality, we estimate

the following pooled Ordinary Least Squares (OLS) model:
qne = Bo + BiOccupancyp, + Xy By + A¢ + & (1.3)

where gnt is quality for hospital h in financial year t proxied by risk-adjusted health
outcome measures (see Section 1.4 for details), Occupancyn: is bed occupancy rate,
Xnt is a vector of control variables related to demand (e.g. proportion of elderly,
income deprivation), supply (e.g. labour endowment, unavoidable costs), hospital type
(e.g. teaching status), and determinants of bed occupancy rates (beds, LOS, and
volume), At is a vector of year fixed effects (e.g. to control for advances in technology),
and ent is the error term. The coefficient of interest is f1, which measures the
association between quality and bed occupancy rate. We cluster standard errors at trust

level to allow for serial correlation within hospitals.

Our specifications are guided by the conceptual framework in Section 1.2 and we
estimate several versions of equation (1.3). First, we include no control variables

except for year fixed effects, which we label Model 1. This shows whether bed
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occupancy is associated with lower quality and therefore acts as a signal of poor
performance for a funder or regulator. Suppose that the association is strong.
Whenever a regulator observes high bed occupancy rates, this regulator can infer that
quality is more likely to be lower, and this is a reason to trigger some regulatory
intervention in the form of additional monitoring or auditing. In this specification, we
do not control for third factors since the regulator would want to tackle low hospital

quality regardless of the factors causing it.

Second, we investigate the extent to which any association between bed
occupancy rates and quality is explained by exogenous demand-supply factors. We
follow the approach of Cutler & Lleras-Muney (2010), who decomposed the health
and education gradient. We add a set of explanatory variables that might be related to
both bed occupancy and quality and compute the percentage decline in 81 from each
variable that explains the association. We enter exogenous determinants of hospital
demand (x%) and supply (x%) that could explain this association in Model 2. For
example, hospitals serving an older population may face a higher demand with worse
health status that reduces quality and have higher bed occupancy rates due to higher
volume and longer stays. In addition, providers with higher (unavoidable) costs might
have lower quality and respond by shortening LOS, which decreases bed occupancy
rates. This analysis can help regulators to identify hospitals with both high bed
occupancy rates and low quality that relate to the population living in the hospital’s

catchment area or hospital features.

Third, we add sequentially factors that determine bed occupancy, as suggested by
our conceptual framework, that might be associated with quality directly and
indirectly through the correlation with bed occupancy rates. We include beds in Model
3 (which is also a supply shifter). Given that beds and volume (proxied by inpatients)
are highly collinear (see Section 1.4), Model 4 includes beds and volume to beds ratio
(Y/B -proxied by inpatients to beds ratio) where the latter can be thought as an indicator
of technical efficiency. Instead, Model 5 adds only LOS to Model 3. Bed occupancy
is function of these three determinants and therefore we do not include them together
due to collinearity. These specifications allow identifying which determinant of bed

occupancy rates is responsible for the association with quality.
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Finally, we decompose the association due to variations in bed occupancy
between hospitals and variations over time within hospitals. We do so by estimating a
within-between random-effects specification (Allison, 2009; Schunck, 2013) in Model
6. This model is closely linked to the “correlated random-effects” model by Mundlak
(1978) and Wooldridge (2010). This hybrid model replaces all time-variant
independent variables (i.e. Occupancyn, Xnt, At) with their hospital-specific means
over time (Occupancyn, Xn, 4) and deviations from their mean (Occupancynt -
Occupancyn, Xnt- Xn, At- ). Standard errors are also clustered at trust level. Then, the

within-between random-effects model is’:

Qne = Qo + a,Occupancy,+ a,(Occupancyy, — Occupancyy,) (1.4)
+Zpas+ (Zpe —Zp) oy + &g

where Znincludes Xn and A4, and Zntincludes Xnt and At.

a1 gives the association between quality and bed occupancy that is due to the
time-invariant component of bed occupancy, i.e. the extent to which bed occupancy
rates vary across hospitals (between association). This interpretation is in line with the

pooled regression model in equation (1.3) and the related coefficient S1.

Instead, a2 gives the association between quality and bed occupancy that is due
to the time-varying component of bed occupancy, i.e. the extent to which bed
occupancy varies within hospitals over time (within association). This coefficient is
the one that would be estimated with a fixed effects model, which controls for hospital
fixed effects. The advantage of the within-between random-effects model is that it
allows to explore within associations over time, while preserving the coefficients of
the between associations. These would be precluded in a fixed effect model because
any time-invariant hospital-specific mean variable (e.g. Occupancyn, Xn) would be
absorbed by the hospital fixed effects®.

In economic terms, if the association is due to variation between hospitals, then

regulators can target hospitals that systematically perform poorly. If instead the

" This model involves regressing quality on time-invariant variables and the mean over time and the
deviation from their mean of time-variant variables, employing the xtreg, re command in Stata.

8 For unbalanced panels, the within coefficients estimated by a hybrid model and by a fixed effects
specification should be identical, with slightly different standard errors (Allison, 2009). We compare
these two models in Table A.9 in Appendix A.
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variation is within hospitals, then hospitals experiencing sharp increases in bed

occupancy rates over time may be the source of concern.

In a robustness check, we test for possible non-linearities and estimate models
where bed occupancy is measured as a vector of four categories: <85%, 85%-90%,
90%-95%, and >95%, with 85%-90% used as the baseline category. Bed occupancy
rate is deemed efficient at 85% (National Audit Office, 2013) and some institutions
recommend not to exceed 90% (National Institute for Health and Care Excellence,
2018). This specification tests whether hospitals with bed occupancy rates above 85%
and 90% might experience longer delays in admissions and put patients’ health at a

higher risk.

To summarise, although 1, a1 and a2 do not have a causal interpretation due to
endogeneity problems such as simultaneous causality (volume might be affected by
quality), the specifications outlined above can provide valuable insights to regulators
in relation to using bed occupancy rates as a signal of quality and the factors behind

such association.

1.4 Data

The dataset is a panel of English NHS acute hospital trusts for 2010/11-2017/18. We
exclude all non-acute (e.g. mental health providers) and specialist hospitals trusts (e.g.
orthopaedics trusts) to homogenise our sample. The data are measured annually at the
hospital trust level. Detailed variables’ definitions and sources are in Table A.1 in

Appendix A.
1.4.1 Dependent Variables

We include four type of quality indicators available from NHS Digital, which are
measured at the hospital level and are already risk-adjusted for hospital case-mix®:

Summary Hospital-level Mortality Indicator (SHMI), surgical and condition-specific

9 SHMI and condition-specific mortality are risk-adjusted by estimating the expected deaths through a
logistic regression controlling for age, gender, admission method, year index, Charlson Comorbidity
Index, and diagnosis grouping. Surgical mortality rates are adjusted for age and gender. Emergency
readmission rates are risk-adjusted for age, sex, method of admission and diagnosis/procedure. PROMSs
are risk-adjusted for age, sex, ethnicity, index of multiple deprivation, pre-operative self-assessed health
status, comorbidity, patient assistance to complete the questionnaires, living arrangements, disability,
primary diagnosis, and years of experiencing symptoms. PROMs for knee replacement exclude living
arrangements and years of experiencing symptoms.
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mortality, emergency readmission rates, and Patient Reported Outcome Measures
(PROMs).

The risk-adjusted SHMI is the ratio of the number of patients who either died in-
hospital or within 30 days after discharge to the number that would be expected to die
on the basis of average England figures, given the characteristics of patients treated.
The SHMI is an index with baseline at 100, meaning that the trust experienced its
observed deaths to exactly match its expected deaths. A SHMI equal to 90 (115)
implies that the trust had 10% less (15% more) deaths than expected. SHMI data is
also available for selected diagnoses from 2013/14 to 2017/18. In addition to overall
mortality, we consider three high-volume emergency conditions: acute
cerebrovascular disease (including stroke), acute myocardial infarction (AMI), and hip
fracture. We also use the risk-adjusted mortality rate for surgeries following a non-
elective admission available for 2010/11-2014/15%,

The risk-adjusted emergency readmission rate measures the indirectly
standardised percentage of emergency admissions to any hospital in England
occurring within 30 days of the last, previous discharge from hospitall. Data is
available for 2013/14-2017/18.

The risk-adjusted PROMs evaluate average health gains in patients undergoing
primary hip and knee replacements. PROMs compare patient’s self-assessed health
status, based on the Oxford Hip and Knee Scores (OHS and OKS, respectively)

questionnaires, before surgery and six months after surgery*2.

We focus on different measures because high bed occupancy can directly affect
quality through increases in trolley waiting times and delay admissions in the
emergency department. In turn, these can increase staff workloads and lead medical
staff to discharge patients prematurely which may increase mortality or readmissions.

Moreover, high bed occupancy could also result in longer waiting times for elective

10 This is the ratio of observed patients whose death occurred either in-hospital or within 30 days of an
operative procedure to expected deaths multiplied by an overall event rate of patients in England. See
Appendix 5 in NHS Digital (2016) for procedure codes included.

111t is the ratio of provider’s observed to expected readmissions multiplied by an overall event rate of
patients in England.

12 The surveys comprise twelve questions related to patient’s pain and mobility, with five multiple
choice answers where 0 denotes greatest severity and 4 least or no symptoms. These answers are then
summed up to a single score with 0 indicating the worst possible score and 48 the highest.
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procedures and cancellations leading to slower recovery for elective surgeries, as
captured by PROM:s.

1.4.2 Independent Variables

Hospital bed occupancy rate, our key explanatory variable, is the ratio of occupied to
available beds published quarterly in NHS England Statistics. In particular, occupied
(available) beds are computed as the average daily number of occupied (available)
beds over the quarter. For wards which are open overnight, an occupied bed is defined
as one which is occupied at midnight. Given that our quality measures are at the annual

level, we average bed occupancy rates across the four quarters.

Our focus is on overnight bed occupancy rates for the general and acute sector®.
This indicator allows us to disentangle how overall pressure on beds is associated with
quality performance in different areas of acute hospitals. Policymakers and managers
will be informed whether high bed occupancy signals lower quality using indicators
that cover all treatments (i.e. overall mortality, emergency readmissions) and specific
high-volume diagnoses and procedures (i.e. procedure and condition-specific
outcomes for heart attack, hip fracture, and stroke). For example, high bed occupancy
might not be associated with overall mortality but positively with stroke mortality,

therefore policymakers could target policies towards this group of patients.

We include several control variables measured at the hospital level, which can
explain the association between bed occupancy and quality. We control for type of
hospital: teaching, foundation, and London trust dummies. Hospitals may differ in the
availability of doctors, skill mix or non-clinical staff. We measure skill mix (full-time
equivalent) with the proportion of doctors to clinical staff and the proportion of
managers to total staff'4. To control for unavoidable cost differences in labour and
capital between hospitals, we include the Market Forces Factor (MFF) based on

geographical location published by NHS Improvement.

13 Bed occupancy cannot be computed by diagnosis or procedure since beds are not labelled by
condition (i.e. any patient can occupy any bed).

14 Clinical staff are defined as the sum of doctors, nurses, health visitors, midwives, ambulance staff,
and scientific, therapeutic, and technical staff. We compute yearly averages of monthly staff data
reported by NHS Digital.
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As a proxy of hospital competition, we measure the number of acute hospital
trusts located within a 30km radius from a specific trust. Hospital catchment area is
defined as a 15km radius circle (Bloom et al., 2015; Propper et al., 2007)%,

We also include demographic and socioeconomic variables that capture features
of the catchment area. Each hospital is assigned the data from Lower Layer Super
Output Areas (LSOA)* whose centroids are located within 15km from the trust
headquarter. These measures consist of the proportion of adults aged 65 and over,
population density, proportion of rural LSOA, proportion of non-white individuals,
proportion of individuals with a degree, proportion of individuals with a disability,
and proportion of income-deprived individuals. Proportion of adults aged 65 and over
and population density are computed using annual mid-year population estimates
available from the Office for National Statistics. The remaining variables, except for
income-deprived individuals, are single snapshots calculated using 2011 Census data.
Finally, we use the 2015 Index of Multiple Deprivation to compute the proportion of

income-deprived individuals.

We also include hospital beds, LOS, and inpatient admissions (proxy of volume)
as the determinants of bed occupancy rates. Hospital beds are measured as available
beds averaged across quarters from NHS England Statistics. LOS is the mean of all
patients’ spell duration in days, where a spell is a period of continuous admitted patient
care within a particular provider calculated by subtracting the admission date from the
discharge date (day-cases whose LOS is zero days are excluded). We obtain inpatient
admissions by subtracting day-cases from finished admissions episodes, which count
those episodes first in the spell of admitted patient care. We also compute the inpatient
admissions to beds ratio in line with our theoretical framework!’. NHS Digital reports

LOS and admission data.

15 Any trust located less than 30km away from a hospital in question is a competitor since catchment
areas overlap. The distance between two hospital trusts is defined as the Euclidean distance between
trust headquarters. Hospital competition is calculated using NHS Digital and Open Geography portal
datasets.

16| SOA are small areas (32,844 in England) with an average of 1,500 individuals, a minimum of 1,000,
and a maximum of 3,000.

17 Recall that bed occupancy rates (BOR = LOSxY/B) can be written as a function of length of stay
(LOS) and the volume to beds ratio (Y/B).
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1.5 Results

1.5.1 Descriptive Statistics

Table 1.1 presents summary statistics. The number of hospital trusts ranges from 135
for surgical mortality to 150 for SHMI'®. For SHMI and PROMs’ samples, a trust is
observed 7.3 (out of 8) years on average. For other dependent variables, a trust is

observed more than 4.7 (out of 5) years on average.

The overall and condition-specific SHMI are about 100 as these are the ratio of
actual to expected deaths. Average surgical mortality is 3.67%. Emergency
readmission rates are 13.26%. Patients undergoing a hip and knee replacement have
an average health gain of 20.84 and 15.76 points in their OHS and OKS, respectively.
Low pairwise correlations across almost all quality variables, reported in Table A.2 in

Appendix A, show that these indicators measure different dimensions of quality.

Descriptive statistics of bed occupancy rates and control variables in Table 1.1
are calculated for SHMI’s sample. Bed occupancy rate is on average 88.89%7%°,
Doctors account for 22.64% of clinical staff and managers for 2.27% of total staff.
MFF is on average 100 by construction and hospital trusts have around seven
competitors. 21% are teaching trusts, 58.8% are foundation trusts, and 14.6% are
located in London. Hospital trusts have on average 700 beds, 62,300 inpatient
admissions per year, 89 inpatients per bed, and patients stay in hospital more than 4
days. Correlation between beds and inpatient admissions is 0.921 showing high
collinearity (Table A.4 in Appendix A). Concerning hospital catchment areas, 17.03%
of individuals are aged 65 or over, 14.62% are non-white, 27.7% have a degree,
17.68% have a disability, and 14.76% are income-deprived. The population density is
1,684 individuals per square kilometre on average and 13.69% of LSOA in the

catchment area are considered rural®.

18 Our sample is an unbalanced panel of data mainly due to mergers and acquisitions of hospitals across
time and missing data on dependent or control variables.

19 Table A.3 in Appendix A presents descriptive statistics of bed occupancy by four thresholds (<85%,
85%-90%, 90%-95%, >95%) for each quality variable. 15%-25% of the sample lies in the first category
(<85%), around 35% in the second and third category, and 7%-12% in the fourth category (>95%).

2 Table 1.1 also shows that within hospital variation is smaller than between variation for all quality
variables in the sample, except for health gains after a hip replacement. This is also the case for bed
occupancy rate (Table 1.1 and Table A.5 in Appendix A).
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Table 1.1 Descriptive Statistics

Standard Deviation

Variable Obs.  Trusts T Mean o in. Max.
Overall Between  Within

Dependent Variable
SHMI 1,104 150 7.360 100.2 9.592 8959 4.452 5390 124.8
SHMI (Stroke) 674 143 4713 102.1 16.48 1451 9.682 44.45 169.7
SHMI (AMI) 669 143 4678 1003 2396 1874 1568 36.96 211.9
SHMI (Hip Fracture) 669 142 4711 102.1 2346 1791 16.25 41.09 246.3
Surgical Mortality Rate (%) 669 135 4956 3.670 0.717 0578 0.424 1.858 6.448
Emergency Readmission Rate (%) 681 143 4762 13.26 1.247 1.034 0.698 8.900 17.90
Health Gain Hip Replacement 1,047 144 7271 20.84 1484 0975 1.173 1488 24.92
Health Gain Knee Replacement 1,054 144 7.319 1576 1.421 1.081 1.025 6.678 19.78
Independent Variable
Bed Occupancy Rate (%) 1,104 150 7.360 88.89 5168 4.089 3.154 62.69 99.28
Demand-Supply Shifters
Prop. of Doctors (%) 1,104 150 7.360 22.64 3.161 2936 1.202 9.272 38.88
Prop. of Managers (%) 1,104 150 7.360 2.266 0.816 0.776 0.294 0.409 5.670
Market Forces Factor 1,104 150 7.360 99.63 6.273 6.461 0.294 9230 120.0
Hospital Competition 1,104 150 7.360 7.596 8.932 9.535 0.951 0 32
Prop. of Indiv. Aged 65+ (%) 1,104 150 7.360 17.03 3.671 3.730 0.673 9.672 26.72
Population Density (1,000) 1,104 150 7.360 1.684 2.042 2.129 0.074 0.076 8.493
Prop. of Rural LSOA (%) 1,104 150 7.360 13.69 13.75 13.76 0.000 0.000 63.29
Prop. of Non-White Indiv. (%) 1,104 150 7.360 14.62 13.04 13.72 0.000 1.322 44.23
Prop. of Indiv. with Degree (%) 1,104 150 7.360 27.70 7.199 7.311 0.000 1531 44.16
Prop. of Indiv. with Disability (%) 1,104 150 7.360 17.68 2.981 3.004 0.000 1253 2431
Prop. of Income-Deprived Indiv. (%) 1,104 150 7.360 14.76 4.045 4.035 0.000 6.694 24.09
Teaching Trust 1,104 150 7.360 0.210 0.408 0.395 0.104 0 1
Foundation Trust 1,104 150 7.360 0.588 0.492 0.486 0.112 0 1
London Trust 1,104 150 7.360 0.146 0.353 0.380  0.000 0 1
Determinants of Bed Occupancy Rate
Beds (1,000) 1,104 150 7.360 0.707 0.316 0.327 0.067 0.196 2.025
Length of Stay 1,104 150 7.360 4.227 0.613 0.617 0.255 2.777 7.600
Admissions (100,000) 1,104 150 7.360 1.041 0.468 0.483 0.114 0.232 3.045
Inpatient Admissions (100,000) 1,104 150 7.360 0.623 0.280 0.290 0.067 0.102 1.867
Inpatients to Beds Ratio 1,104 150 7.360 89.22 1490 1457 6.904 43.21 160.0

Note: Obs. = number of observations; T = average number of years a trust is observed; Min = minimum; Max =
maximum; SHMI = Summary Hospital-level Mortality Indicator; AMI = acute myocardial infarction; Prop =
proportion; Indiv = individuals; LSOA = Lower Layer Super Output Areas. Descriptive statistics for bed occupancy
rate, SHMI, and controls are computed for SHMI's sample. All other dependent variables are reported for their own
sample. SHMI and health gains are published for 2010/11-2017/18. Surgical mortality rates are published for 2010/11-
2014/15. SHMI by diagnosis and emergency readmission rates are published for 2013/14-2017/18.
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1.5.2 Main Results

Table 1.2 provides our key results for Models 1 to 6. Models 1-5 report the association
between bed occupancy rate and quality, after controlling for different set of controls,
and Model 6 decomposes this into the between association (first row) and within

association (second row).

Model 1: Are high bed occupancy rates a signal of low quality?

Our results for Model 1 show that higher bed occupancy is positively associated with
SHMI (at 10% significance level) and surgical mortality (at 1%) -higher mortality
implies lower quality- and negatively associated with average health gain after hip
replacement (at 10%) and knee replacement (at 5%), while there is no statistically
significant association with condition-specific SHMI and emergency readmissions.
Therefore, a regulator can infer that high bed occupancy rates are a signal of low
quality for overall and surgical mortality and health gains for elective surgeries and
could initiate additional monitoring or auditing to hospitals experiencing high bed

occupancy rates.

In more detail, a one standard deviation increase in bed occupancy (5p.p.) is
associated with an increase of 1.105p.p. in overall mortality (which corresponds to a
1.1% increase relative to a mean SHMI mortality indicator of 100.2 that measures the
ratio of observed deaths over expected deaths), which is one ninth of its standard
deviation (1.105/9.592=0.12). This means that hospitals with higher bed occupancy
by 5p.p. have 1.1% higher deaths, which is equivalent to 685 additional inpatient
deaths (mean of 62,300 inpatient admissions) and 1,145 total deaths (mean of 104,100
total admissions) per year.

A one standard deviation increase in bed occupancy is also associated with an
increase of 0.115p.p. in surgical mortality (which corresponds to a 3.13% increase
relative to a mean surgical mortality rate of 3.67%), which is 0.16 of its standard
deviation (=0.115/0.717). A one standard deviation increase in bed occupancy is
associated with a decrease of 0.105 points in health gain after a hip replacement
(equivalent to a 0.5% relative to a mean of 20.84 points in OHS) and 0.135 points after
a knee replacement (equivalent to a 0.86% relative to a mean of 15.76 points in OKS)

and account for 0.07 and 0.09 of their standard deviations, respectively.

30



Table 1.2 Results for the Association between Bed Occupancy Rates and Quality

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Bed Occupancy Rate 0.221* 0.240*** 0.242%** 0.238*** 0.182** 0.337***
= pancy (0.122) (0.072) (0.071) (0.070) (0.071) (0.110)
T Deviation Bed Occupancy -0.047
Rate (Within Association) (0.054)
R? 0.014 0.506 0.507 0.519 0.517 0.535
§ Bed Occupancy Rate 0.257 0.252 0.267 0.269 0.299* 0.519*
£ pancy (0.242) (0.172) (0.176) (0.179) (0.180) (0.290)
—  Deviation Bed Occupancy 0.042
% Rate (Within Association) (0.203)
n R? 0.007 0.195 0.198 0.202 0.199 0.243
= Bed Occupancy Rate 0.176 0.164 0.181 0.187 0.156 0.053
= pancy (0.291) (0.284) (0.277) (0.272) (0.287) (0.389)
g Deviation Bed Occupancy 0.244
T Rate (Within Association) (0.323)
@ R? 0.002 0.099 0.100 0.105 0.100 0.111
o 0.327 0.331 0.308 0.308 0.330 0.386
£ DedOccupancy Rate (0.257) (0.232) (0.230) (0.230) (0.241) (0.309)
p=}
s g Deviation Bed Occupancy 0.298
L & Rate (Within Association) (0.288)
R? 0.005 0.080 0.083 0.083 0.083 0.122

£ Bed Occupancy Rate 0.023*** 0.025*** 0.028*** 0.027*** 0.022*** 0.024***
5% pancy (0.008) (0.006) (0.006) (0.006) (0.006) (0.009)
?,—5 Deviation Bed Occupancy 0.017***
¥ 5 Rate (Within Association) (0.005)

= R? 0.098 0.356 0.367 0.373 0.379 0.395

[}

sl -0.007 -0.009 -0.008 -0.009 0.001 -0.002

[

g c Bed Occupancy Rate (0.017) (0.014) (0.014) (0.014) (0.013) (0.019)
o 'n

g é Deviation Bed Occupancy 0.009
w g Rate (Within Association) (0.014)

(3]

x R? 0.054 0.310 0.310 0.320 0.331 0.374
'%- £ Bed Occupancy Rate -0.021* -0.023** -0.021** -0.021** -0.022** -0.038**
£ pancy (0.011) (0.010) (0.010) (0.010) (0.010) (0.016)

[}
© 8 Deviation Bed Occupancy 0.001
= 58:‘ Rate (Within Association) (0.012)
% R 0.369 0.462 0.465 0.465 0.466 0.482
(5]

2 £ Bed Occupancy Rate -0.027** -0.026** -0.026** -0.026** -0.023** -0.039***
s pancy (0.013) (0.010) (0.010) (0.010) (0.011) (0.015)
==

p g_ Deviation Bed Occupancy -0.001
£ & Rate (Within Association) (0.010)
T R 0.283 0.471 0.471 0.472 0.473 0.499

Note: Model 1 reports Pooled OLS regression of quality on bed occupancy rates controlling for year fixed effects.
Model 2 includes exogenous controls and year fixed effects. Model 3 includes controls in Model 2 and beds. Model 4
(5) includes controls in Model 3 and inpatients to beds ratio (length of stay). Model 6 shows results of the within-
between random-effects specification for Model 5 and reports the between association in the row of the overall
association for the other models. Controls and year dummies are not reported. Standard errors are clustered at trust
level and are in parentheses. Parameters statistically significant at 1% (***), 5% (**), and 10% (*) levels are reported
next to the coefficient. SHMI = Summary Hospital-level Mortality Indicator; AMI = acute myocardial infarction.
SHMI and health gains are published for 2010/11-2017/18. Surgical mortality rates are published for 2010/11-
2014/15 and SHMI by diagnosis and emergency readmissions rates are published for 2013/14-2017/18. Total
observations are 1,104 for SHMI, 674 for SHMI (Stroke), 669 for SHMI (AMI), SHMI (Hip Fracture), and surgical
mortality rates, 681 for emergency readmission rates, 1,047 for average health gain after hip replacement, and 1,054
for average health gain after knee replacement.

31



Alternatively, a 1p.p. increase in bed occupancy rates is associated with an
increase of 0.2% in overall mortality and of 0.6% in surgical mortality, and a reduction

of 0.1% in health gain after a hip replacement and 0.2% after a knee replacement.

Model 2: Do exogenous demand and supply factors explain the association?

In the conceptual framework, we argue that exogenous demand and supply factors
might directly and also indirectly affect quality and, therefore, explain the association
of interest. If that was the case, regulators could identify clusters of hospitals with

similar characteristics that show both high bed occupancy rates and low quality.

Model 2 shows that demand-supply shifters do not explain the associations
identified by Model 1. Although some variables are associated with quality, the
associations between quality and bed occupancy rates remain mostly unaltered after
the inclusion of demand-supply variables, possibly due to the low correlation with bed
occupancy rates. In more detail, the associations between bed occupancy and quality
are not explained by higher costs (MFF), staff skill mix, competition, type of hospital
or demographics. Thus, regulators cannot rely on common demand and supply factors

to target hospitals with high bed occupancy and low quality.

The full results including all explanatory variables are in Table 1.32%22, which we
briefly comment on. Hospital catchment areas with more deprived populations are
associated with higher overall, stroke and hip fracture mortality. Those with a higher
proportion of non-white individuals are associated with more readmissions and lower
health gains for hip replacement but lower overall mortality. A higher proportion of
individuals with a disability are associated with higher readmissions and lower health

gains but lower stroke and hip fracture mortality.

On the supply side, hospitals located in London have lower overall, stroke and
heart attack mortality possibly due to better equipment and ability to recruit more
qualified staff. Hospitals with more competitors are associated with higher overall,
stroke, hip fracture and non-elective mortality. This is in contrast to previous studies
(Cooper et al., 2011; Gaynor et al., 2013), though our results are derived from pooled

2L Table 1.3 reports results for Model 5. Estimates for control variables for Model 2 and Model 5 do not
dramatically differ. Complete results for Model 2 are available upon request.
22 We only discuss controls associated with hospital quality measures at the 5% significance level.

32



Table 1.3 Results for Model 5 including Covariates

SHMI Surgical Health Health
SHMI (SS,::(')\IA(:}) (S:'\'/\I/:; (Hip Mort. ERn;g:jg. Gain Hip  Gain Knee

Fracture) Rate ’ Repl. Repl.

Bed Occunancy Rate 0.182%* 0.299* 0.156 0.330 0.022%** 0.001 -0.022%%  -0.023**
pancy (0.071) (0.180) (0.287) (0.241) (0.006) (0.013) (0.010) (0.011)

Beds 0.165 3.796 3576 -5.641 0.303%* 0.111 0.338 0.061
(1.703) (3.864) (6.127) (6.167) (0.130) (0.303) (0.258) (0.240)

Lenath of Sta 1.845%** -1.161 0.948 -0.769 0.150**  -0.352***  0.035 -0.121
9 y (0.690) (1.765) (2.581) (2.268) (0.065) (0.117) (0.110) (0.096)
Prop. of Doctors -0.093 -0.173 0.106 -0.392 0.000 0.024 0.004 -0.033
P- (0.189) (0.427) (0.519) (0.528) (0.014) (0.029) (0.024) (0.032)
Bron. of Managers -1.189%** -2.056 -3.537* -2.881 -0.010 0.017 0.062 -0.057
P- 9 (0.436) (1.303) (1.976) (1.978) (0.053) (0.107) (0.081) (0.075)
Market Forces Factor -0.087 0.052 1.200% -1.091* 0.013 -0.008 0.008 -0.037
(0.228) (0.517) (0.664) (0.584) (0.021) (0.038) (0.036) (0.029)

Hospital Competition 0.209%* 0.786%* 0.830% 1420%%%  0.022%* -0.033 -0.016 -0.010
P P (0.124) (0.308) (0.453) (0.467) (0.010) (0.024) (0.021) (0.023)
Prop. of Individuals ~ 0.123 1.715%* 1.455 1.038 20036  -0.182%** 0,071 0.075
Aged 65+ (0.339) (0.779) (1.107) (1.186) (0.031) (0.059) (0.053) (0.049)
Population Densit -1.725%* -2.870* -0.060 -0.602 -0.037 0.134 0.151 -0.034
P Y (0.829) (1.536) (2.481) (2.175) (0.074) (0.140) (0.124) (0.102)
bron. of Rural LSOA 0.050 -0.029 0.440%** 0.118 0.002 -0.011 0.002 -0.003
P- (0.051) (0.101) (0.137) (0.176) (0.004) (0.009) (0.007) (0.007)
Prop. of Non-White  -0.136** -0.241* 0.022 -0.266 -0.001 0.033**  -0.035%* -0.015
Individuals (0.066) (0.144) (0.262) (0.232) (0.007) (0.014) (0.015) (0.011)
Prop. of Individuals  -0.364** 0.162 0.093 0.067 -0.015 0.015 0.018 -0.016
with Degree 0.177) (0.358) (0.468) (0.461) (0.013) (0.030) (0.023) (0.021)
Prop. of Individuals  -0.823* -2.524%* -1.589 -3.742%* 0.055 0.331%**  -0182%*  -0.178**
with a Disability (0.489) (1.176) (1.760) (1.596) (0.053) (0.103) (0.084) (0.077)
Prop. of Income-  0.664** 2.026%** 2.614* 2.118** 0.018 -0.105% 0.034 0.032
Deprived Individuals (0.310) (0.752) (1.410) (1.065) (0.034) (0.062) (0.052) (0.049)
Teaching Trust -3.795%** -1.156 7537 5.254 0.372%* -0.127 -0.053 0.001
g (1.146) (3.189) (4.566) (4.002) (0.144) (0.208) (0.178) (0.176)
Foundation Trust -0.688 -1.075 -4.496 -4.719 -0.030 0.140 -0.031 -0.139
(0.913) (1.946) (3.209) (2.960) (0.071) (0.142) (0.133) (0.127)

London Trust -5.060% -16.491%%  -20.112%%*  -16.520 -0.189 -0.147 -0.588 -0.264
(2.576) (6.716) (9.146) (10.111) (0.278) (0.650) (0.467) (0.415)

Constant 106.443***  68.851 78378 214.653%%* 0652  12471%*  21.400%%*  24.064%**
(31.657) (67.908) (90.123) (77.989) (2.498) (4.888) (5.010) (3.918)

Observations 1,104 674 669 669 669 681 1,047 1,054
R? 0517 0.199 0.100 0.083 0.379 0.331 0.466 0.473

Note: Model 5 reports Pooled OLS regression of quality on bed occupancy rates controlling for beds, length of stay,
proportion of doctors and managers, Market Forces Factor, hospital competition, proportion of individuals aged 65
and over, population density, proportion of rural LSOA, proportion of non-white individuals, proportion of individuals
with a degree, proportion of individuals with a disability, proportion of income-deprived individuals, teaching,
foundation, and London dummies, and year fixed effects. Year dummies are not reported. Standard errors are clustered
at trust level and are in parentheses. Parameters statistically significant at 1% (***), 5% (**), and 10% (*) levels are
reported next to the coefficient. SHMI = Summary Hospital-level Mortality Indicator; AMI = acute myocardial
infarction; Mort = mortality; Emerg. Read. = emergency readmission rate; Repl = replacement; Prop = proportion;
LSOA = Lower Layer Super Output Areas. SHMI and health gains are published for 2010/11-2017/18. Surgical
mortality rates are published for 2010/11-2014/15 and SHMI by diagnosis and emergency readmissions rates are
published for 2013/14-2017/18.
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cross-sectional models, may be subject to omitted variable bias and use recent years

relative to the 2006 NHS choice reform exploited in previous studies.

Models 3-5: Is the association due to the determinants of bed occupancy rates?

The conceptual framework shows that beds, LOS and volume determine bed
occupancy rates and might be associated with quality directly and indirectly. Adding
sequentially the three key determinants allows identifying which source of variation
in bed occupancy rates is responsible for the association with quality after controlling

for exogenous demand and supply shifters.

Models 3 and 4 show that results from Models 1 and 2 are robust to the inclusion
of beds and inpatients per bed. This implies that hospital capacity and volume
determine bed occupancy rates, but they are not the source of variation explaining the
association with quality. Alternatively, Model 5 suggests that the association is mostly
due to LOS, except for average health gain after a hip replacement. LOS explains
24.79% of the association with SHMI, 21.43% of the association with surgical
mortality, and 11.54% of the association with health gain after a knee replacement

(comparing Model 3 with 5).

Table 1.3 reports that LOS is positively associated with overall and surgical
mortality and negatively with health gain after a knee replacement (although not
statistically significant), which explains the reduction in bed occupancy coefficient.
This is in line with longer stays increasing bed occupancy rates as well as patient
exposure to hospital-acquired infections and other adverse events which can
negatively impact hospital quality. Interventions in the form of shortening LOS might
decrease bed occupancy rates, while alleviating their negative association with

important dimensions of quality.

Several mechanisms might explain the remaining association between bed
occupancy and quality, after further controlling for LOS. High bed occupancy implies
that hospitals are closer to full capacity. Patients might be placed in alternative wards
whose staff are less specialised. Staff under pressure may carry out tasks in a hurry,
reduce patient attention and face higher stress levels when patient-to-staff ratios are
higher (Virtanen et al., 2008). Health outcomes could also be worse if patients had to
wait longer (Moscelli et al., 2016) before being admitted due to less capacity.
Hospitals with high bed occupancy rates might give priority to patients with more
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urgent conditions, such as a stroke, heart attack or hip fracture, at the expense of less
urgent conditions (encompassed in overall and surgical mortality) and elective
patients. English hospitals may discharge prematurely low-severity patients who are

less likely to need an emergency readmission (Friebel et al., 2019).

Model 6: Do variations between hospitals rather than within hospitals explain the

association?

Model 6 suggests that it is mostly variations between hospitals that explain the
association when this is present, except for surgical mortality where variations within
hospitals also play a role. Therefore, regulators can focus on targeting hospitals whose
bed occupancy rates are systematically high rather than focusing on hospitals

experiencing increases in bed occupancy rates over time.

The time-invariant component of bed occupancy across hospitals could be related
to hospitals’ organisational ability and efficiency in the use of their resources, e.g. due
to management quality, skills and leadership. Hospitals with worse management could
lead to higher bed occupancy as a result of lower organisational ability, but also to
worse quality and health outcomes. Variations in organisation and management
quality could also vary over time, as hospitals adapt to changing demand
characteristics, new policies, environmental trends, budgets, etc., therefore
contributing to the association between bed occupancy rates and surgical mortality

within hospitals.
1.5.3 Robustness Checks

Table A.6 and Table A.7 in Appendix A show the results for non-linear regressions.
The results are broadly in line with the linear regressions. In Models 1 to 4, bed
occupancy below 85% (above 90%) is associated with lower (higher) overall and
surgical mortality and, therefore, the association is monotonic. This association is
mostly explained by LOS as shown in Model 5. For Model 6, neither variations in bed
occupancy rates between hospitals nor within hospitals are statistically significant at
5% level, except for the negative between association of bed occupancy with non-
elective mortality for the first category (<85%). Health gains are higher when bed
occupancy rates are below 85% and lower when above 90%, even though only the

90%-95% band is statistically significant at 1% level in almost all models. There is no
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significant association between bed occupancy rates and AMI mortality and
emergency readmissions. Differently from the linear results, bed occupancy rates

above 95% are positively associated with stroke and hip fracture mortality.

Table A.8 in Appendix A shows the results for a balanced panel. Bed occupancy
is positively associated with SHMI in Model 1. Again, the association becomes
stronger in Model 2 and is mainly explained by LOS (Model 5) and variations across
hospitals (Model 6). Similar conclusions are derived from the results for condition-
specific SHMI (SHMI stroke has significant coefficients but only at the 10% level),
surgical mortality, and emergency readmissions. The association with PROM s for hip
and knee replacements is not statistically significant for Model 1, but the results are

fairly robust for the remaining models.
1.6 Conclusion

We have investigated whether hospitals with high bed occupancy rates are associated
with lower quality and the factors explaining such association in the English NHS in
2010-2018. Our results show that higher bed occupancy is negatively associated with
some quality indicators (overall and surgical mortality, and health gains), while there
is no association with condition-specific mortality and emergency readmissions. A
5p.p. increase in bed occupancy is associated with an increase of 1.1% in overall
mortality and of 3.1% in surgical mortality and a reduction of 0.5% and 0.9% in health
gain for hip and knee replacement, respectively. Therefore, although the association
is only present for a subset of indicators, when detected it appears quantitatively
important. For example, the overall mortality effect is equivalent to 685 additional
inpatient deaths. We focus on a 5p.p. increase as this is equivalent to a standard
deviation in bed occupancy rates that we observe in the data. It could be argued that
this is a large increase in bed occupancy rates and that individual providers could
realistically change their bed occupancy rates in the order of one or two p.p., in which

case the effects would be one or two fifths of those outlined above.

Our analysis suggests that 12%-25% of the association is explained by patients’
LOS and the remaining by variations in bed occupancy between hospitals. We do not
find that demand-supply factors, beds, and volume have a significant role in explaining

such associations.
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Our results are in line with the positive association between bed occupancy and
overall mortality found by other studies (Boden et al., 2016; Madsen et al., 2014;
Mennicken etal., 2011; Sprivulis et al., 2006). Our estimate of 1.1% increase in overall
mortality for 5p.p. increase in bed occupancy lies between the 4.5%-4.8% increase for
3p.p. increase in bed occupancy estimated in Boden et al. (2016) and the 1.2% for 10%
rise in bed occupancy in Madsen et al. (2014). We find no association with emergency

readmissions similar to Friebel et al. (2019) and contrary to Blom et al. (2015).

These findings have policy implications. High bed occupancy rates are a signal
of lower quality, at least for some quality dimensions, and policymakers could monitor
or audit those hospitals with high bed occupancy to improve quality of care. Given
that demand and supply factors do not explain these associations, there is limited scope
for regulators to cluster groups of hospitals based on the population characteristics
they serve or hospital characteristics. Instead, high LOS explains a significant portion
of the association of quality and bed occupancy rates and therefore LOS can be used
as a marker of poorer quality as well. This is potentially an interesting finding because
LOS can be generally measured at a more disaggregated level (e.g. by treatment or
specialty), relative to bed occupancy rates, and this information could be used by
regulators for more targeted interventions. Finally, our results suggest that the
association is explained by variations in bed occupancy rates between hospitals.
Regulators therefore could target hospitals that systematically have high bed

occupancy rather than hospitals with sharp increases in bed occupancy rates over time.

Overall, our study has provided a theoretical and empirical framework that shows
how regression analysis can support interventions that regulate bed occupancy rates.
The main strengths include the use of a wide set of quality measures and a range of
control variables to explain the association between quality and bed occupancy rates
within and between hospitals. Our study has also some limitations. Most of our quality
measures refer to extreme health outcomes, such as mortality or readmissions. We also
use patient reported health outcomes but only for hip and knee replacements, which
we interpret as marker conditions and therefore the results cannot be generalised to
other surgeries. Future work could investigate more refined health outcome measures
for other treatments as well as going beyond clinical measures of hospital quality such
as measures of patient satisfaction. Another limitation is that we have used a limited

set of demand-supply determinants and additional determinants (e.g. hospital
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management, staff stress), which could be the focus of future research as data become
available. Last, our analysis relies on hospital quality measures at the hospital level

which are already risk-adjusted. Future work could explore the role of different risk

adjustment models.
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2 Chapter 2: Socioeconomic Inequalities in
Waiting Times for Planned and Cancer

Surgery: Evidence from Spain
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Abstract

Waiting times act as a non-price rationing mechanism to bring together the demand
for and the supply of public healthcare services and ensure equal access independently
of ability to pay. This study tests for the presence of socioeconomic inequalities in
waiting times for ten publicly funded planned and cancer surgeries in Catalonia
(Spain) in 2015-2019. Socioeconomic status, measured by four income categories
(very low, low, middle, and high-income groups), is based on co-payment levels for
medicines which depend on patient’s income. Using administrative data, we estimate
the association between socioeconomic status and waiting times controlling for patient
and hospital characteristics and hospital fixed effects. Compared to patients in the low-
income group, patients in the middle-income group wait 2-6 fewer days for hip
replacement, cataract surgery, and hysterectomy, and less than a day for breast cancer
surgery. For hip and knee replacement, and cataract surgery, we find larger
inequalities in favour of patients in the high-income group. These inequalities arise
within hospitals and are not explained by patient nor hospital characteristics. For some
surgeries, the results also show that patients in higher income groups are more likely
to voluntarily exit the waiting list and have a lower probability of having a surgery
cancelled for medical reasons and dying while waiting.

Keywords: Waiting Times, Healthcare Inequalities, Socioeconomic Status.

JEL Codes: 111, 114.
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2.1 Introduction

Many Organisation for Economic Co-operation and Development (OECD) countries
consider waiting times as a significant health policy issue (Siciliani et al., 2013).
Publicly funded health systems, with excess demand due to capacity constraints and
limited or no co-payments, rely on waiting times as a form of non-price rationing to
reach equilibrium between the demand for and the supply of health services (Martin
& Smith, 1999).

The main justification for rationing public healthcare by waiting times, rather
than price, is that access to health services should not depend on ability to pay. Instead,
patients in equal need, severity or complexity should wait the same, irrespective of
their ability to pay or social characteristics such as socioeconomic status (SES). More
severe patients instead should wait less, if the disutility from waiting is higher for
patients with higher need, based on prioritisation or urgency protocols (Gravelle &
Siciliani, 2008; Gutacker et al., 2016), but not ability to pay. Waiting lists are therefore

perceived as a way of ensuring equal access to public healthcare.

A growing literature however suggests that patients with higher SES (mostly
measured by income and education) wait less for public healthcare than patients with
lower SES (see Landi et al. (2018) and Siciliani (2016) for literature reviews). This
literature found evidence of socioeconomic inequalities in waiting times across
planned procedures (e.g. hip replacement, knee replacement, cataract surgery) and
also more urgent ones (e.g. coronary artery bypass surgery (CABG), cancer care), and
across several countries, such as England (Cooper et al., 2009; Laudicella et al., 2012;
Moscelli et al., 2018), Norway (Carlsen & Kaarboe, 2015; Kaarboe & Carlsen, 2014;
Monstad et al., 2014), Australia (Johar et al., 2013; Sharma et al., 2013), Sweden
(Tinghog et al., 2014), Italy (Petrelli et al., 2012), Denmark (Simonsen et al., 2020),
France (Ayrault-Piault et al., 2016), Colombia (Pifieros et al., 2011), and USA (Gorey
et al., 2009). Hence, waiting times may not be as equitable as they appear for several

hospital procedures.

The aim of this study is to quantify socioeconomic inequalities in inpatient
waiting times for publicly funded hospital surgeries in Catalonia over 2015-2019. We
focus on six planned surgeries (hip replacement, knee replacement, cataract surgery,

hysterectomy, prostatectomy, and CABG) and four cancer surgeries for cancers with
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highest incidence rates (prostate, female breast, colorectal, and lung cancer surgery)
among OECD countries (OECD, 2019).

Catalonia is a region in the North East of Spain with a population of 7.7 million
(16.2% of the Spanish population) in 2020 (National Statistics Institute, 2020).
Catalonia has an income inequality above the European Union average but below the
Spanish average (Statistical Institute of Catalonia, 2022)%. Recent studies found a pro-
rich socioeconomic gradient in several health indicators (mortality, morbidity, public
healthcare utilisation, and consumption of medicines) in Catalonia (Carrilero et al.,
2020; Garcia-Altés et al., 2018). Given this socioeconomic gradient, Catalonia is an
interesting case to analyse if socioeconomic inequalities arise in another dimension of

public healthcare, namely waiting times.

We use administrative cross-sectional data of patients receiving a given
procedure over 2015-2019. Our econometric strategy employs linear regression
models of inpatient waiting time against SES measured by four mutually exclusive
income categories (very low, low, middle, and high-income groups) based on co-
payment levels for medicines which depend on patient’s annual gross income or Social
Security benefits (Garcia-Altés et al., 2018). We then use a range of controls related
to patient characteristics (i.e. gender, age, comorbidities, primary diagnosis, procedure
type, nationality, year of addition to the waiting list, month of hospital admission, and
area of residence) and type of hospital (i.e. public, teaching), which might be

considered as mediators of the association of interest.

The study also tests whether such waiting time inequalities arise within hospitals
or across hospitals. Inequalities can arise within hospitals if patients with differing
SES who attend the same hospital have different waiting times. For instance, patients
with higher SES can get ahead in the queue by putting pressure to the provider (e.g.
through frequent phone calls) or through informal channels (e.g. knowing someone
working at the hospital). Inequalities may arise across hospitals if individuals with
higher SES live in areas and attend hospitals with higher capacity and shorter waiting

times.

2 In 2019, the ratio of the highest over the lowest quintile of the income distribution was 5.4 in
Catalonia, while it was 5.0 and 5.9 in the European Union and Spain, respectively (Statistical Institute
of Catalonia, 2022).
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Last, we investigate whether the likelihood of exiting the waiting list for reasons
other than surgery varies by income group. We focus on three possible reasons. The
first is demand driven and relates to patients voluntarily exiting the waiting list. The
second is supply driven and relates to the surgery being cancelled for medical reasons.
The third is whether the patient dies while waiting on the list. We investigate whether
the probability of exiting the waiting list for each of these reasons differs by income

group relative to a patient pathway ending with the patient receiving the surgery.

The results show that socioeconomic inequalities in waiting times arise within
hospitals in eight out of the ten planned surgeries. Moreover, these inequalities cannot
be explained by patient’s characteristics and area of residence, or hospital
characteristics. For hip replacement, relative to the low-income group, patients in the
very low-income group wait 5.6 more days, those in the middle-income group wait
4.8 days less and those in the high-income group wait 21.1 fewer days. For knee
replacement, waiting time for patients in the high-income group is 36.7 days shorter.
For cataract surgery, relative to patients in the low-income group, patients in the

middle and high-income groups wait respectively 2.4 and 21.6 days shorter.

Our results suggest that pro-rich socioeconomic inequalities are also present for
more urgent surgeries, although the magnitude is smaller. For hysterectomy, relative
to the low-income group, patients in the middle-income group wait 6.1 fewer days.
For CABG, waiting times for patients in the very low-income group are longer by 14.2
days. For breast cancer surgery, patients in the middle-income group wait 0.5 fewer
days relative to the low-income group. For prostate cancer surgery, patients in the
very low-income group wait 3.5 more days, whereas patients in the high-income group
have shorter waiting times by 5.8 days. For colorectal cancer surgery, patients in the
very low-income group wait 2.3 days longer relative to the low-income group. No
socioeconomic inequalities are found for prostatectomy and lung cancer surgery. We

also find some differences by patient’s nationality, but we find no gender inequalities.

We also show that the probability of voluntarily exiting the waiting list is larger
by 0.4-1.2 percentage points (p.p.) for patients in higher income groups for knee
replacement, cataract surgery, prostatectomy, and breast cancer surgery. Instead,
patients in higher income groups have a lower probability of having a surgery

cancelled for medical reasons by 0.3p.p. for cataract surgery and 0.5p.p. for breast
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cancer surgery. The probability of dying while waiting is 0.1-0.3p.p. lower for patients

in higher income groups for hip replacement, cataract surgery, and hysterectomy.

We make three main contributions to the literature. First, this is the first study
analysing socioeconomic inequalities in waiting times in Spain using administrative
data. Three previous studies used survey data. Siciliani & Verzulli (2009) used the
2004 Survey of Health, Ageing and Retirement in Europe for nine countries, including
Spain. They found that patients with higher education wait 3.6 weeks less for a
specialist consultation, while no gradient is reported for planned surgery. Abasolo et
al. (2014) used the 2006 Spanish National Health Survey and found that patients with
no or primary education wait 18%-28% more than patients with university education.
They also found that a 1% increase in income reduced waiting times by 0.3% for
specialist consultations. Garcia-Corchero & Jiménez-Rubio (2021) used survey data
from the Spanish Health Barometer for 2010-2016 and showed that patients with
university education wait 14 days less for specialist visits, while there is no SES

gradient for general practitioner (GP) visits.

Second, the study investigates inequalities for four types of cancer surgery.
Cancer is at the top of the policy agenda among OECD countries since it is the second
cause of mortality after circulatory diseases, with 25% of all deaths due to cancer in
2017 (OECD, 2019). Most of the economic literature focused on planned surgical
procedures (e.g. Monstad et al. (2014); Moscelli et al. (2018); Simonsen et al. (2020)).
Some clinical studies analysed waiting times for breast cancer surgery but with
relatively smaller samples (around 1,000 patients; see Ayrault-Piault et al. (2016) for
France, Gorey et al. (2009) for Canada and USA, and Pifieros et al. (2011) for
Colombia). Redaniel et al. (2013) used a larger sample of English women with breast
cancer, although their SES variable is at the small-area level and they do not consider

hospital characteristics or fixed effects.

Third, the literature on socioeconomic inequalities in waiting times has focused
on patients whose waiting time ends with a surgery. But some patients are added to
the waiting list and do not receive the surgery. Differently from previous literature, we
also investigate if SES affects the probability of exiting the waiting list for two

common reasons, whether the patient voluntarily exits the list and whether the surgery
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is cancelled for medical reasons. We also look at if there is a gradient in the probability

of dying while waiting.

The remainder of this study is structured as follows. Section 2.2 reviews the
literature. Section 2.3 describes the institutional setting. Sections 2.4 and 2.5 describe
data and methods, respectively. Section 2.6 presents and discusses the results. Section

2.7 provides robustness checks. Section 2.8 concludes.
2.2 Related Literature

A growing empirical literature provides evidence that patients with higher SES have
shorter waiting times than patients with lower SES for several publicly funded
surgeries (see Landi et al. (2018) and Siciliani (2016) for literature reviews). For
England, Cooper et al. (2009) studied whether waiting times for hip and knee
replacement and cataract surgery differ by SES between 1997 and 2007. Using
administrative data, they found that more deprived patients wait about 3-23 more days
in 1997-2000 and 2-18 more days in 2001-2004, but only 2-3 more days in 2005-2007.
Laudicella et al. (2012) showed that for hip replacement in England, patients who are
education- and income-deprived have longer waiting times by 9% and 7%,
respectively, and these inequalities arise within hospitals. Moscelli et al. (2018)
showed that patient choice explains only up to 12% and 7% of the pro-rich
socioeconomic gradient for CABG and percutaneous coronary intervention,

respectively, in England in 2002-2010.

Several studies in the Nordic countries also investigated and generally confirmed
the presence of socioeconomic inequalities in waiting times. Kaarboe & Carlsen
(2014) used Norwegian registry data in 2004-2005 to investigate whether SES,
proxied by education and income at gender, age and municipality level, is negatively
associated with inpatient and outpatient waiting times for somatic hospitals. They
found that men living in areas with higher education levels wait about 15% less, while
women living in areas with higher education and income levels wait 28% and 11%
shorter. Using similar data, Carlsen & Kaarboe (2015) focused on elderly patients and
found that men with secondary education and women with more than primary
education wait about 12 fewer days (16% and 15%, respectively) than patients with
primary or less education. Both studies showed that the gradient is explained by

hospital-specific factors, such as attending the local hospital, travel distance and
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supply of private specialists. Monstad et al. (2014) also analysed the Norwegian case
for hip replacement and used SES at the patient level. Their findings suggested that
men with higher income and women with higher education wait about 25 and 12 fewer

days, respectively, after controlling for hospital fixed effects.

Tinghog et al. (2014) employed administrative data in Sweden for six planned
procedures in 2007. They found that patients in the lowest income tercile wait more
for orthopaedic surgery (27% more) and general surgery (34% more) relative to
patients in the highest income tercile, while non-working patients have waiting times
24% longer for ophthalmology surgery compared to working patients. Using
administrative data in Denmark in 2013-2015, Simonsen et al. (2020) showed that
patients with higher education wait 3%-16% less for cataract surgery, and those in the
highest income decile wait 9%-18% less. However, the gradient vanishes after
controlling for hospital fixed effects implying that inequalities arise across hospitals.
Other studies also estimated socioeconomic inequalities in waiting times in Australia
(Johar et al., 2013; Sharma et al., 2013) and Italy (Petrelli et al., 2012) with similar
findings.

Some studies focused on breast cancer treatment and provided evidence of
socioeconomic inequalities in waiting times in France (Ayrault-Piault et al., 2016),
USA (Gorey et al., 2009), and Colombia (Pifieros et al., 2011), while no gradient was
found in England (Redaniel et al., 2013) and Canada (Gorey et al., 2009).

2.3 Institutional Background

The Spanish National Health System (NHS) provides universal healthcare coverage
since 1986 (LGS, 1986) and it is publicly funded through general taxation. The NHS
is free at the point of use, with the exception of co-payments for prescribed medicines
(Bernal-Delgado et al., 2018).

The NHS coexists with civil servants’ health insurance and voluntary private
health insurance (Jiménez-Martin & Viola, 2016). The civil servants’ health insurance
is financed by both payroll contributions and taxation, and civil servants legally have
the right to choose between NHS coverage or a private health insurance (Garcia-
Armesto et al., 2010). Instead, private health insurance that gives access to private care

can be voluntarily purchased or offered by the company in which the patient works
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(Bernal-Delgado et al., 2018). Private services can be also financed by out-of-pocket
payments (Garcia-Armesto et al., 2010). In 2017, 16.3% of the Spanish population
were covered by civil servants’ or private health insurance (National Statistics

Institute, 2018)%*,

After the Spanish constitution of 1978, health competences were decentralised
and transferred from the central government to the 17 Spanish regions (Garcia-
Armesto et al., 2010). The national Ministry of Health is accountable for basic health
legislation, general coordination of health services, and pharmaceutical policy, while
the regional Departments of Health are responsible for the funding, organisation and
delivery of health services within their territory (Garcia-Armesto et al., 2010).
Catalonia obtained regional authority over health in 1981 (Costa-Font & Rico, 2006).
The main fundamentals of the Catalan Health System, which are still in force, were
defined by law in 1990 (LOSC, 1990).

The Catalan territory is split into seven health regions further divided into ‘basic
health areas’ that organise public primary care®® (Pelegri Viafa, 2011). GPs provide
primary care and act as gatekeepers to access specialist care. Patient choice is mainly
limited to primary care (Garcia-Armesto et al., 2010) since patients cannot choose
hospital, which instead depends on patient’s residence. Most of the hospitals in the
Catalan Health System are under public contracts (hereafter, private not-for-profit
hospitals), except for eight hospitals under public budget (hereafter, public hospitals)
run directly by the Catalan Health Institute. Both public and private not-for-profit
hospitals can provide teaching activities and only offer healthcare to publicly funded
patients. Private for-profit hospitals, which have 16.3% of hospital beds in Catalonia,
mainly treat privately funded patients, although also a marginal proportion of publicly

funded patients (Catalan Competition Authority, 2018).

Given the limited capacity, hospitals in the Catalan Health System have long
waiting lists and patients can wait a long time for planned care. For surgeries, the
waiting lists are managed by the specialists who make decisions about whether and
when adding the patient to the waiting list. Patients can always opt for surgery in

private for-profit hospitals with shorter waiting times at their own expense if they pay

24 In Catalonia, the percentage rises to 23.6% in 2017 (National Statistics Institute, 2018).
% ‘Basic health areas’ are small areas (374 in Catalonia) covering a population with a minimum of
5,000 and a maximum of 25,000 individuals (Pelegri Viafia, 2011).
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out-of-pocket or hold private health insurances. The percentage volume of all planned
surgeries performed by privately-owned for-profit hospitals in Catalonia was 28.1%
in 2017 (Department of Health, 2019).

A maximum waiting time guarantee of six months was introduced in 2002 for 14
planned surgical procedures?® (DOGC, 2002). In 2015, some of the original
procedures were eliminated and others were added. The revised list included cataract
surgery, hip and knee replacement with a maximum waiting time guarantee of 180
days, major cardiac surgeries with a maximum of 90 days, surgical procedures for
cancer of bladder and prostate with a maximum of 60 days, and for the remaining
cancers with a maximum of 45 days (DOGC, 2015a). The Catalan Health System
might transfer patients to other hospitals in its network to ensure that the maximum

waiting time guarantee is achieved (DOGC, 2002)?’.

Since 2015, patients undergoing one of the remaining planned surgeries without
a maximum time guarantee are covered by a maximum reference waiting time
(DOGC, 2015b), which is the maximum time that patients should wait given their
health characteristics and priority in the list. The maximum reference time is set by
health professionals and relies on the prioritisation of patients based on the impact of
the illness to the quality of life, risks associated to waiting, and clinical effectiveness,
amongst other criteria (DOGC, 2015b). Patients have a maximum reference time of
90, 180, and 365 days depending on priority (DOGC, 2015b).

2.4 Data

The study employs three administrative data sources: the Health Waiting Lists
Database, the Central Registry of Insured Persons, and the Registry of the Minimum
Basic Dataset. We merge them through the patient’s healthcare ID, a unique identifier

for residents in Catalonia. We analyse publicly funded patients added to the hospital

% The 14 procedures are cataract surgery, hip replacement, knee replacement, varicose vein, inguinal
and femoral hernia, cholecystectomy, septoplasty, arthroscopy, vasectomy, prostatectomy, carpal
tunnel surgery, amygdalotomy and/or adenoidectomy, circumcision, and hysterectomy (DOGC, 2002).
27 If the maximum time guarantee is exceeded, patients can decide either staying on the waiting list or
choosing another hospital (most likely private) outside the public network of providers but with an
established contract with the public funder (DOGC, 2002). Under the second option, the funder has to
either transfer the patient to one of its hospitals and guarantee a maximum waiting time which is the
same as the hospital chosen by the patient or authorise that the patient receives surgery in the chosen
hospital at the expense of the public funder (DOGC, 2002). If the funder does not have a solution in 30
days, the patient is treated by the chosen hospital, but publicly funded (DOGC, 2002).
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waiting list of the Catalan Health System between 2015 and 2019 (Table B.1 in

Appendix B for detailed sources).
2.4.1 Waiting Times

Waiting times are retrieved from the Health Waiting Lists Database and the Registry
of the Minimum Basic Dataset. The Health Waiting Lists Database covers all patients
registered in the waiting list to have a surgery, a diagnostic test or a specialist visit.
The Registry of the Minimum Basic Dataset includes all contacts with the public
healthcare system, including hospital care, and contains detailed patient-level
information, such as clinical diagnoses, procedures, and date of admission and

discharge.

The sample comprises all patients added to the waiting list for a surgery between
2015 and 2019. We analyse six planned surgeries (hip and knee replacement, cataract
surgery, hysterectomy, prostatectomy?®, and CABG) and four cancer surgeries
(prostate, female breast, colorectal, and lung cancer surgery?°). For cancer, we include
malignant neoplasms and carcinomas in situ, but exclude benign neoplasms and
secondary malignant neoplasms, and focus on curative surgeries (e.g. breast-

conserving surgery and mastectomy for female breast cancer).

Following the OECD?!, we define inpatient waiting times as the number of days
from the date patients are added to the waiting list by indication of the specialist doctor
(reported in the Health Waiting Lists Database) to the date they are admitted to
hospital for treatment (reported in the Registry of the Minimum Basic Dataset). To
homogenise the sample, we exclude waiting times above three standard deviations

from the mean and patients below the age of 18 (0.71% of the sample). We also

28 Hysterectomy and prostatectomy do not include patients with cancer or carcinoma in situ of uterus,
ovary, and prostate.

25 Colorectal cancer includes colon and rectum cancers. Lung cancer includes trachea, bronchus, and
lung cancers.

%0 Table B.2 and Table B.3 in Appendix B report the codes considered using the International
Classification of Diseases, 9" Edition (ICD-9-CM) and 10" Edition (ICD-10-PCS/ICD-10-CM). In
Catalonia, hospitals reported procedure and diagnosis codes using the ICD-9-CM until 2018. From
2018, hospitals can report their data using interchangeably the ICD-9-CM or ICD-10-PCS/ICD-10-CM.
We mapped codes in the ICD-10-PCS/ICD-10-CM to the ICD-9-CM following the official mapping
by the Ministry of Health, Consumer Affairs and Social Welfare
(https://eciemaps.mschs.gob.es/ecieMaps/browser/indexMapping.html).

31 See https://stats.oecd.org/Index.aspx?DataSetCode=HEALTH_PROC.
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exclude patients with a waiting time of zero or one day, as we consider these being

emergency admissions mistakenly coded in the waiting list (0.67% of the sample).

We also construct a dummy variable equal to one if patient’s waiting time exceeds
the maximum time guarantee, and zero otherwise. As mentioned in Section 2.3, the
maximum time guarantee is 45 days for cancer surgery, except prostate cancer surgery
which is 60 days, 90 days for CABG, and 180 days for cataract surgery, hip and knee
replacement (DOGC, 2015a).

Patients can exit the list while waiting for reasons other than surgery. For
example, patients can voluntarily decide to exit the waiting list, their surgery may be
cancelled for medical reasons, or they might die while waiting. We construct binary
variables equal to one for each of these exiting reasons, and zero for undergoing
surgery. The patient’s reason for exiting the waiting list is found in the Health Waiting

Lists Database32.
2.4.2 Socioeconomic Status

The Central Registry of Insured Persons is a database collecting information on all
individuals holding a healthcare card including sociodemographic characteristics from
which the Agency for Health Quality and Assessment of Catalonia calculates patient’s
SES. The SES is based on the level of co-payment of medicines which depends on

individual’s annual gross income or Social Security benefits.

The SES is a categorical variable formed by four mutually exclusive income
groups (Garcia-Altés et al., 2018): 1) very low-income group (individuals receiving
welfare benefits from the government, unemployment benefits or allowances, or non-
contributory pensions who do not pay co-payment), 2) low-income group (individuals
with an annual gross income of less than €18,000 derived from employment earnings
and contributory pensions who pay 40% and 10% co-payment, respectively), 3)
middle-income group (individuals with an annual gross income between €18,000 and

€100,000 derived from employment earnings and contributory pensions who pay 50%

32 We focus on these three reasons because the patient exits completely the waiting list (different from
a postponed surgery) and they are the most common and policy relevant. Other reasons include patient
asks for or accepts a delay, surgery is postponed for medical reasons, patient is transferred to another
provider, patient cannot be contacted, patient does not accept the date of surgery, incorrect register to
the waiting list, patient with surgery in another provider, duplicate in another provider, specialist
considers that the surgery is not appropriate, patient is not present at the date of surgery, change of
insurance, emergency surgery, and non-authorised patient.
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and 10% co-payment, respectively), and 4) high-income group (individuals with an
annual gross income of more than €100,000 derived from employment earnings or

contributory pensions who pay 60% co-payment) (Real Decreto-ley, 2012)%,
2.4.3 Control Variables

We include several patient-level explanatory variables to control for the severity of
patient’s health condition. Control variables are retrieved from the Health Waiting
Lists Database, the Central Registry of Insured Persons, and the Registry of the
Minimum Basic Dataset and are linked to patient records by the patient’s healthcare
ID.

We control for gender with a dummy equal to one if the patient is a female and
zero if male, and for age split into six age bands: 18-45, 46-55, 56-65, 66-75, 76-85,

and 85+. Gender and age are retrieved from the Central Registry of Insured Persons.

We also include the Spanish population grouping and risk stratification tool
known as the Adjusted Morbidity Groups (GMA) to capture patient’s comorbidities
and severity. This tool groups patients by comorbidity and complexity in 31 categories
(Cerezo Cerezo & Arias Lopez, 2018) and gives a numerical score (complexity score)
to each patient related to their complexity (Monterde et al., 2016). Higher patient’s
GMA score indicates more severity in terms of comorbidities and complexity
(Carrilero et al., 2020). We use this GMA score to split patients into four levels
(Ministry of Health, Consumer Affairs and Social Welfare, 2018): basal risk
(complexity score lower than the 50th percentile of the population distribution); low
risk (score between the 50th and 80th percentiles); moderate risk (score between the
80th and 95th percentiles); and high risk (higher than the 95th percentile). The Agency
for Health Quality and Assessment of Catalonia computes the GMA scores employing
data from the Registry of the Minimum Basic Dataset. To further control for patient
characteristics, we include primary diagnosis and procedure type from the Health
Waiting Lists Database3*.

33 Married people out of the labour force are assigned to the income level of their partner. Widowed
people out of the labour force receive a non-contributory pension and are assigned to very low-income
group.

3 Table B.4 and Table B.5 in Appendix B report ICD-9-CM codes and descriptions of the categories
employed as primary diagnosis and procedure type by procedure.
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We add patient’s nationality through a categorical variable with five groups
retrieved from the Central Registry of Insured Persons: Spanish, 27-European Union
and UK, Northern Africa, the Caribbean and Central and South America, and the rest
of the world®®. We also control for the year when the patient was registered in the
waiting list (2015-2019) as published by the Health Waiting Lists Database, the month
of hospital admission as reported by the Registry of the Minimum Basic Dataset, and

the ‘basic health area’ of residence from the Central Registry of Insured Persons.

Finally, we control for the interaction between hospital’s ownership and teaching
status by grouping hospitals into four categories: public teaching hospitals, public non-
teaching hospitals, private not-for-profit teaching hospitals, and private not-for-profit

non-teaching hospitals.
2.5 Methods

To analyse socioeconomic inequalities in waiting times, we use the following

regression model:
Wijt = Bo + YieBy + XieBs + A + &t (2.1)

where wijt is the waiting time (in days) for patient i, in hospital j, and year t in which
the patient was added to the waiting list. yit is a vector of variables related to SES: very
low, low (reference category), middle, and high-income groups (see Section 2.4.2 for
a detailed description). We estimate (2.1) by Ordinary Least Squares with robust-
heteroskedastic standard errors clustered at hospital level®.

We first estimate the overall association between waiting times and patient’s
income group without controls. Then, we also compute such association net of those
factors (or mediators) that might explain it by employing a similar strategy to a
mediation analysis. xit is a vector of patient characteristics (i.e. gender, age,
complexity score, primary diagnosis, procedure type, nationality, and month of

hospital admission). These covariates are added to analyse whether patient’s severity

3 See https://www.idescat.cat/poblacioestrangera/?geo=cat&nac=a&b=11&m=m for the classification
of countries in each group.

36 The number of clusters ranges from 40 to 55, except for CABG (six clusters) and lung cancer surgery
(13 clusters). Due to few clusters in CABG and lung cancer surgery (Cameron et al., 2008), we calculate
wild-bootstrapped cluster standard errors with 9,999 repetitions and find that the significance of the
results is robust (available upon request).

52


https://www.idescat.cat/poblacioestrangera/?geo=cat&nac=a&b=11&m=m

and other characteristics explain the gradient between SES and waiting times. Xit also
includes the patient’s ‘basic health area’ of residence. For instance, poorer patients
may be concentrated in more deprived areas with less developed infrastructure (e.g.
roads, public transports, internet connection) that might slow down their
communication with the healthcare system and increase their waiting times. At is a
vector of year fixed effects to control for time trends in waiting times either on the
demand side (e.g. ageing population and advances in medical technology that make
safer to treat more patients) or the supply side (e.g. changes in health funding). eijt is

the error term.

The coefficients of interest are By, which give an estimate of the socioeconomic
gradient in waiting times after controlling for some dimensions of need captured by
several patient characteristics®’. Some of the socioeconomic gradient in waiting times
could be due to patients attending different types of hospital. For example, public
hospitals may have longer waiting times (due to higher demand) and patients with
lower SES may be more likely to attend a public hospital. We therefore augment

equation (2.1) with a vector of variables, defined as h;, related to types of hospital.

Part of the socioeconomic inequalities in waiting times may arise across hospitals
if individuals with higher SES live in areas and attend hospitals with higher supply
(e.g. more beds, doctors, nurses) and shorter waiting times, while part of the
inequalities may arise within hospitals if patients with differing SES attending the
same hospital experience different waiting times. The latter could be, for example, due
to some patients getting ahead in the queue by pressuring the provider (e.g. frequent
phone calls), through informal channels (e.g. knowing someone working at the
hospital), or by expressing their needs more effectively, among others (Siciliani,
2016). To assess whether inequalities arise within or across hospitals, we use the

following model:

Wije = Bo + YieBy + XiBs + A + 0, + €j¢ (2.2)

37 We prefer not to transform wij; as then By can be interpreted as days, although results are similar when
using the logarithm of wij: (available upon request). The distributions of waiting times by surgery are
not highly right-skewed (see Figure 2.1) and the distributions of the residuals of regressing wij; on SES
and controls follow a normal distribution (see Figure B.1 in Appendix B). Moreover, we do not need
to assume that the error term in equation (2.1) follows a normal distribution so that By are normally
distributed. Instead, By follow asymptotically a normal distribution by the central limit theorem and
relying on a large sample.
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which adds a vector of hospital fixed effects 8; to equation (2.1). The coefficients Sy
can now be interpreted as inequalities arising within the hospital (Laudicella et al.,
2012; Moscelli et al., 2018). We also estimate (2.2) by Ordinary Least Squares with

robust-heteroskedastic standard errors clustered at hospital level.

By might be biased if patients with higher SES expecting a long waiting time opt
for private treatment (Sharma et al., 2013). Table B.6 and Table B.7 in Appendix B
present the proportion of patients by income group with low (below the median) and
high (above the median) waiting times and show that patients in the very low, low,
and middle-income groups are equally distributed across low and high waiting times.
This implies that sample selection is unlikely to bias the socioeconomic gradient in
waiting times as patients in these three income groups are not more concentrated in
the upper or lower part of the waiting time distribution. Instead, we cannot exclude
bias for patients in the high-income group since the proportion of patients in the high-

income group with low waiting times is larger than that with high waiting times.

As an alternative dependent variable, we use a dummy variable equal to one if
patient’s waiting time exceeds the maximum waiting time guarantee. We estimate this
alternative version as a linear probability model. We also employ a linear probability
model to explore socioeconomic inequalities in the probability of exiting the list while
waiting (due to the patient voluntarily exiting the waiting list, the surgery being
cancelled for medical reasons, or the patient dying) relative to receiving a surgery®°.

We run separate regressions for each reason of exiting the waiting list.

Last, given the large number of surgeries, we check the robustness of our results
to adjusting the p-values for multiple hypotheses testing (known as g-values)
following Benjamini & Hochberg (1995) and Anderson (2008) to control for the false
discovery rate (i.e. the expected proportion of rejections that are type | errors). This
method has greater power and reduces the penalty to testing additional hypotheses
compared to the familywise error rate controlling methods such as the Bonferroni
correction (Anderson, 2008; Benjamini & Hochberg, 1995).

39 We also employ a logit model and find similar results (available upon request).

54



2.6 Results

2.6.1 Descriptive Statistics

Table 2.1 presents summary statistics. The mean waiting time is 149 days for hip
replacement, 170 days for knee replacement, and 123 days for cataract surgery. For
more urgent surgeries, the mean waiting time is 153 days for prostatectomy, 131 days
for hysterectomy, and 38 days for CABG. Waiting times for cancer surgery are
generally shorter: 21 days for female breast cancer surgery, 53 days for prostate cancer

surgery, 24 days for colorectal cancer surgery, and 30 days for lung cancer surgery.

The proportion of patients waiting more than the maximum time guarantee of 180
days is 32.9%, 39.5%, and 18.7% for hip replacement, knee replacement, and cataract
surgery, respectively. Instead, 9.8% of patients that underwent a CABG exceed the
maximum time guarantee of 90 days and 35.2% of patients with prostate cancer
surgery exceed 60 days. 5.7%, 11.5%, and 20% of patients with female breast,
colorectal, and lung cancer surgery, respectively, have a waiting time longer than 45
days. Figure 2.1 shows that the waiting times’ kernel distribution by surgery is right-

skewed, but the skewness is not pronounced.

Depending on the procedure, about 1.7%-5.8% of patients are in the very low-
income group, 48.8%-74.4% are in the low-income group, 20.8%-48.2% are in the
middle-income group, and 0.1%-1.2% are in the high-income group. Respectively,
45.8% and 68.1% of hip and knee replacement patients are females, and 57.3% for
cataract surgery. Instead, only 13% of CABG patients are females, while this is 38.7%
and 27.9% for colorectal and lung cancer surgery, respectively. The average age of
patients with hip and knee replacement is 66.3 and 71, respectively, and for cataract
surgery is 73.8. Patients are 69.9 years old for prostatectomy, 54.7 for hysterectomy,
and 65.4 for CABG on average. For cancer surgery, the average age ranges from 60.4
(breast cancer surgery) to 68.9 (colorectal cancer surgery) with the other two surgeries
involving patients who are on average 65 years old. In terms of the GMA score, more
than 50% of patients with CABG and colorectal and lung cancer surgery are
considered to be of high risk, while most patients (43.3%-58.6%) for the remaining

surgeries have moderate risk.
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Table 2.1 Descriptive Statistics

Hip Knee Cataract  Prosta- Hyste- Breast  Prostate Colorectal Lung
Variable Repla-  Repla- Surgery  tectomy  rectomy CABG Cancer  Cancer Cancer Cancer
cement cement Surgery  Surgery Surgery Surgery
Waiting times in days 149.2 1704 122.9 152.9 1314 38.44 20.97 52.92 24.25 30.09
Maximum time guarantee 0.329 0.395 0.187 - - 0.098 0.057 0.352 0.115 0.200
Income group
Very low 0.035 0.037 0.039 0.019 0.058 0.042 0.048 0.017 0.029 0.036
Low 0.682 0.740 0.744 0.602 0.732 0.630 0.680 0.488 0.666 0.626
Middle 0.280 0.222 0.216 0.374 0.208 0.324 0.269 0.482 0.301 0.332
High 0.004 0.001 0.001 0.005 0.002 0.005 0.003 0.012 0.004 0.006
Gender (=1 if female) 0.458 0.681 0.573 0.000 1.000 0.130 1.000 0.000 0.387 0.279
Age (mean) 66.34 71.02 73.81 69.90 54.70 65.37 60.38 64.85 68.85 65.44
[18, 45] 0.059 0.004 0.008 0.004 0.270 0.023 0.142 0.004 0.023 0.029
[46, 55] 0.139 0.038 0.030 0.049 0.326 0.133 0.246 0.094 0.100 0.127
[56, 65] 0.237 0.189 0.116 0.247 0.172 0.319 0.255 0.401 0.253 0.307
[66, 75] 0.311 0.456 0.384 0.437 0.165 0.381 0.200 0.450 0.314 0.391
[76, 85] 0.225 0.298 0.394 0.234 0.062 0.144 0.126 0.046 0.259 0.145
85+ 0.030 0.014 0.068 0.029 0.005 0.002 0.031 0.006 0.051 0.001
GMA score
Basal-risk 0.037 0.009 0.017 0.022 0.092 0.001 0.020 0.021 0.002 0.001
Low-risk 0.245 0.165 0.174 0.170 0.386 0.027 0.232 0.219 0.070 0.018
Moderate-risk 0.498 0.586 0.530 0.465 0.433 0.345 0.530 0.561 0.422 0.300
High-risk 0.221 0.240 0.279 0.342 0.090 0.627 0.217 0.200 0.505 0.680
Nationality
Spanish 0.955 0.971 0.971 0.972 0.864 0.929 0.939 0.966 0.971 0.961
27-EU and UK 0.019 0.008 0.008 0.008 0.025 0.022 0.018 0.014 0.011 0.018
Northern Africa 0.003 0.004 0.006 0.005 0.014 0.004 0.010 0.004 0.004 0.005
Caribbean and Central and
South America 0.012 0.010 0.008 0.007 0.069 0.010 0.020 0.011 0.007 0.007
Rest of the World 0.011 0.007 0.007 0.006 0.028 0.035 0.012 0.006 0.007 0.009
Year in waiting list
2015 0.184 0.185 0.186 0.200 0.217 0.148 0.197 0.170 0.180 0.204
2016 0.199 0.205 0.194 0.203 0.201 0.194 0.209 0.187 0.225 0.242
2017 0.218 0.222 0.214 0.209 0.198 0.215 0.218 0.213 0.227 0.225
2018 0.196 0.206 0.201 0.189 0.198 0.233 0.162 0.202 0.179 0.140
2019 0.202 0.182 0.206 0.199 0.185 0.210 0.214 0.228 0.189 0.189
Month of hospital admission
January 0.062 0.056 0.064 0.068 0.076 0.078 0.070 0.072 0.070 0.064
February 0.084 0.078 0.075 0.091 0.094 0.083 0.073 0.071 0.073 0.073
March 0.079 0.076 0.079 0.078 0.089 0.094 0.084 0.072 0.085 0.082
April 0.069 0.071 0.072 0.075 0.078 0.077 0.076 0.083 0.082 0.086
May 0.093 0.091 0.091 0.100 0.107 0.100 0.094 0.102 0.096 0.092
June 0.099 0.098 0.096 0.096 0.096 0.088 0.091 0.093 0.093 0.092
July 0.082 0.080 0.094 0.082 0.072 0.093 0.099 0.090 0.097 0.087
August 0.033 0.032 0.035 0.038 0.026 0.060 0.075 0.047 0.076 0.070
September 0.080 0.085 0.089 0.071 0.077 0.072 0.081 0.091 0.079 0.089
October 0.123 0.126 0.112 0.111 0.111 0.089 0.088 0.106 0.087 0.101
November 0.124 0.133 0.115 0.121 0.112 0.104 0.090 0.101 0.086 0.093
December 0.073 0.074 0.078 0.068 0.063 0.061 0.078 0.071 0.077 0.071
Type of hospital
Public teaching hospital 0.173 0.160 0.172 0.229 0.235 0.609 0.297 0.297 0.265 0.609
Public non-teaching hospital 0.011 0.008 0.023 0.028 0.021 0.000 0.012 0.009 0.018 0.000
Private  not-for-profit 598 308 0,275 0253 0265 0391 0323 0311 0.291 0.391
teaching hospital
Private not-for-profit non-
teaching hospital 0.518 0.524 0.530 0.491 0.479 0.000 0.369 0.384 0.426 0.000
Observations 16,903 34,550 258,695 14,014 11,174 1,758 17,762 4,659 12,011 3,255

Note: Descriptive statistics for dependent, independent, and control variables. Descriptive statistics for waiting times and age
are in means, while for the remaining variables are in proportions. Descriptive statistics on procedure type, primary diagnosis,
‘basic health area’ of residence, and hospital fixed effects are not reported for the sake of brevity.

56



Figure 2.1 Distribution of Waiting Times
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Note: Probability kernel density functions of waiting times by planned and cancer surgery using an
Epanechnikov kernel function with a bandwidth of 30 and 15, respectively.

About 86.4%-97.2% of patients have a Spanish nationality, depending on the
procedure. 0.8%-2.5% have a nationality from the European Union or UK, 0.3%-1.4%
from Northern Africa, and 0.7%-6.9% from the Caribbean and Central and South
America. The samples are uniformly distributed across 2015 to 2019. A higher
proportion of surgeries is provided in October and November, with the lowest

proportion in January and August coinciding with holiday periods.

Except for CABG and lung cancer surgery, most patients had a surgery with a
private not-for-profit hospital, either a teaching (25.3%-32.3%) or a hon-teaching one
(36.9%-53%), with the remaining being treated in public teaching hospitals (16%-
29.7%) and a negligible proportion in public non-teaching hospitals (0.8%-2.8%).
Most patients in need of a CABG and lung cancer surgery were instead treated by
public teaching hospitals (60.9%).

Table 2.2 reports waiting times by income group and shows that waiting times
monotonically decrease as income increases for hip and knee replacement. The
average waiting time is 154 (174) days for hip (knee) replacement patients in the very
low-income group, but 146 (168) days for patients in the middle-income group, and
121 (134) days for those in the high-income group. This is also generally the case for
colorectal and lung cancer surgery, although patients in the low and middle-income
groups have similar waiting times. Instead, waiting times follow an inverted-U shape
for cataract surgery, prostatectomy, hysterectomy, and breast and prostate cancer

surgery. There is no clear pattern for CABG.

Table 2.3 shows the number and proportion of patients by reason for exiting the

waiting list. The most common reason is having a surgical procedure ranging from
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85.5% for knee replacement to 97.1% for breast cancer surgery. Two other common
reasons, with much smaller proportions, are whether the patient voluntarily exits the
waiting list (ranging from 0.9% for colorectal cancer to 11.1% for knee replacement)
or the surgery is cancelled for medical reasons (ranging from 1.2% for cataract surgery
to 5.5% for CABG). A small proportion of patients die while waiting (from no patient

for prostate cancer surgery to 0.7% for prostatectomy).
2.6.2 Main Results

Table 2.4 presents the results for our preferred specification, which controls for patient
characteristics and hospital fixed effects. The results show that there is a pro-rich

socioeconomic gradient in waiting times within hospitals for eight out of ten surgeries.

For hip replacement, relative to patients in the low-income group, patients in the
very low-income group wait 5.6 days longer (3.8% longer given a mean wait of 149.2
days), while patients in the middle-income group wait less by 4.8 days (3.2%) and this
is also the case for those in the high-income group (21.1 days or 14.1%) though note
that only 0.4% of the patients are in the high-income group. For knee replacement,
relative to patients in the low-income group, patients in the high-income group wait
36.7 fewer days (21.5% less given a mean of 170.4 days) though only 0.1% of patients
are in the high-income group. For cataract surgery, patients in the middle-income
group wait 2.4 days shorter (2% less, mean of 122.9 days) and patients in the high-
income group wait 21.6 days shorter (17.6% less), though again only 0.1% of patients

are in the high-income group.

There are fewer socioeconomic inequalities in waiting times for more urgent
planned surgeries, such as prostatectomy, hysterectomy, and CABG. For
prostatectomy, we do not find differences in waiting times by income group. For
hysterectomy, relative to patients in the low-income group, patients in the middle-
income group wait 6.1 fewer days (4.6% less, mean wait of 131.4 days). For CABG,
patients in the very low-income group wait 14.2 more days (37% longer, mean of 38.4
days).
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Table 2.2 Average Waiting Time by Income Group

Hi Knee Cataract Breast Prostate  Colorectal Lung

Income Group P Prostatectomy Hysterectomy  CABG Cancer Cancer Cancer Cancer

Replacement Replacement Surgery

Surgery  Surgery Surgery Surgery
Very low 154.5 173.8 119.9 144.4 127.3 45.61 20.85 53.44 26.07 32.51
Low 150.3 170.9 123.9 151.1 132.3 36.39 21.09 53.75 24.09 30.01
Middle 146.0 168.3 120.1 156.4 129.3 41.67 20.70 52.24 24.47 30.03
High 1215 133.6 94.60 134.08 123.86 24.38 20.63 46.43 20.61 27.15

Note: Average waiting time in days by income group and surgery.
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Table 2.3 Number and Proportion of Patients by Reason for Exiting the Waiting List

Hip

Knee

Cataract

Reason Replacement Replacement Surgery Prostatectomy Hysterectomy
Number Prop. Number Prop. Number Prop. Number Prop. Number Prop.
Surgical procedure 16,903 89.24% 34,550 85.50% 258,695 94.70% 14,014 88.67% 11,174 91.86%
Patient voluntarily decides to exit the waiting list 1,414 7.47% 4471  11.06% 10,252  3.75% 1,090 6.90% 733 6.03%
Surgery cancelled for medical reasons 560 2.96% 1,312 3.25% 3,201 1.17% 594 3.76% 247 2.03%
Death 64 0.34% 78 0.19% 1,020 0.37% 107 0.68% 10 0.08%
Total 18,941 100% 40,411 100% 273,168 100% 15,805  100% 12,164  100%
Female Breast Prostate Cancer Colorectal Lung Cancer
Reason CABG Cancer Surgery Surgery Cancer Surgery Surgery
Number Prop. Number Prop. Number Prop. Number Prop. Number Prop.
Surgical procedure 1,758  91.66% 17,762 97.12% 4,659 94.03% 12,011 96.44% 3,255 95.74%
Patient voluntarily decides to exit the waiting list 48 2.50% 182 1.00% 183 3.69% 113 0.91% 34 1.00%
Surgery cancelled for medical reasons 106 5.53% 343 1.88% 113 2.28% 323 2.59% 109 3.21%
Death 6 0.31% 2 0.01% 0 0.00% 7 0.06% 2 0.06%
Total 1,918 100% 18,289 100% 4,955 100% 12,454  100% 3,400 100%




Table 2.4 Results for Waiting Time Inequalities by Income Group (within hospitals)

Hip Knee Cataract Prosta- Hystere- Breast Prostate Colorectal Lung
Repla- Repla- S M CABG Cancer Cancer Cancer Cancer
urgery tectomy ctomy
cement cement Surgery Surgery Surgery Surgery
Income group (Baseline: Low)
Very low 5.57** 1.34 -0.01 3.45 -2.82 14.22** -0.23 3.45%* 2.29%** 0.64
Middle -4.84%** -1.35 -2.41%** 1.63 -6.07** 1.25 -0.52%** -1.26 0.02 -0.02
High -21.09** -36.66*** -21.63*** -15.13 -26.85 -16.18 -0.90 -5.78* -3.06 0.56
Gender (=1 if o
female) -2.89 0.68 0.39 - - 2.33 - - -0.15 0.73
Age (Baseline: [66, 75])
[18, 45] -9.12%** 3.75 -24.70*** -13.05 14.47** 1.95 -0.54 4.29 -1.99 -0.93
[46, 55] -3.41** -3.08 -19.38*** -14.47%** 11.50%* -5.84%*** -0.58 0.62 -0.73 -2.08**
[56, 65] 0.58 -2.70%* -9.07*** -4.50 0.39 -3.09 -0.16 -0.30 -0.01 -0.92**
[76, 85] -3.24** -3.15%** 1.19%** -5.67*** -5.81 -4.42** 1.14%** -0.33 0.37 0.82
85+ -19.21%** -13.95*** 0.59 -22.85%** -20.25** -34.60 1.90%** -11.10*** -0.13 -1.60

GMA score (Baseline: Basal-risk)

Low-risk -3.44 -6.01 1.72%* -9.32 -10.99*** 23.60 -1.49** 3.19** 2.74 7.78

Moderate-risk -9.68*** -11.40** 1.88** -27.28%** -23.59*** 21.18 -1.55** 4.25%* 2.46 4.74

High-risk -19.88*** -18.25%** 1.70 -55.58*** -45.74%** 14.93 -1.68** 3.61** 2.40 4.16
Nationality (Baseline: Spanish)

27-EU and UK 531 0.24 1.62 -15.94** 4.50 -4.75 0.67 2.45 1.13 2.79

Northern Africa 20.05** 12.18** 11.57*** -12.15 3.07 13.15 1.45 1.83 0.19 -1.54

Caribbean and

Central and 7.60 291 1.68 17.29** 6.17** -11.19** 0.46 2.81 -0.48 -3.63

South America

Rest of the -7.79 478 3.28% -10.06 557 -2.30 161 2.33 2.64%* 2.63
Year in waiting list (Baseline: 2015)

2016 -3.67 0.11 -6.21 9.32 9.84** -2.31 -0.31 -0.02 1.54** 0.36

2017 -15.62*** -27.14%** -11.87** 17.66** 23.60*** -6.03 0.82 0.04 0.69 -0.40

2018 -8.60 -18.45** -16.01** 21.94** 39.27*** -14.39 0.31 -3.98 0.37 -1.02

2019 -0.84 -12.39 -8.27 35.89*** 36.04*** -15.96** 0.71 -4.45 -0.94 -0.42

Month of hospital admission (Baseline: January)

February 4.17 -2.59 -5.80%** 2.27 2.27 4.11 -4.06%** -2.05 -2.45%** -1.93
March -0.22 -3.04 -9.31%** -6.68 -7.33 1.07 -3.30%** -7.96%** -1.08 -3.14
April 0.31 -0.56 -11.97*** -11.87*** -12.77%%* 1.47 -2.23*** -0.72 1.89** 0.51
May -0.21 -3.75 -9.34*** -0.87 -10.74** 5.59 -2.57*** 2.13 1.81** 0.95
June 6.67 -1.51 -5.15%* 6.62 -8.10** 13.08** -2.28%** 0.59 0.22 0.12
July 177 -5.65 -2.85 12.07** -14.41%** -1.54 -2.44%** 111 -0.64 -0.01
August 14.61** -1.50 9.78*** 12.05 -6.59 2.36 0.26 7.00%** 1.35 4.48**
September 34.91%** 24.97*** 22.61%** 20.06*** 7.98** 14.38** 3.34%** 17.00%** 3.97*** 7.90%**
October 36.52*** 24.29%** 21.70%** 32.89%** 18.98*** 16.34** -1.26 11.78*** 2.87** 5.21**
November 31.43*** 18.66*** 18.59*** 23.51*** 9.05*** 7.24 -2 71x** 5.96** 1.29 0.22
December 27.38%** 19.12%** 13.30%** 17.46** 4.69 -3.72 -3.13*** 2.73 0.12 0.49
Observations 16,903 34,550 258,695 14,014 11,174 1,758 17,762 4,659 12,011 3,255
R? 0.333 0.393 0.372 0.323 0.391 0.412 0.273 0.333 0.370 0.372
Mean 149.2 170.4 122.9 152.9 131.4 38.44 20.97 52.92 24.25 30.09

Note: Coefficients of equation (2.2) for all hospital procedures. The unit of the coefficients is days. Waiting times, income
groups, and control variables are defined in Section 2.4. Coefficients on procedure type, primary diagnosis, 'basic health
area' of residence, and hospital fixed effects are not reported for the sake of brevity. Heteroskedastic-robust standard
errors are clustered at the hospital level and are available upon request. Parameters statistically significant at 1% (***),
5% (**), and 10% (*) levels are reported next to the coefficients.
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We also find relatively small socioeconomic differences in waiting times for
cancer surgeries. For female breast cancer surgery, relative to patients in the low-
income group, patients in the middle-income group wait 0.5 fewer days (2.4% less
with a mean wait of 21 days). For prostate cancer surgery, the differences are
somewhat more pronounced. Relative to the low-income group, patients in the very
low-income group wait 3.5 days longer (6.6% more, mean of 52.9 days), while patients
in the high-income group (1.2% of the sample) wait 5.8 days less (11% less) though
this is only significant at 10% level. For colorectal cancer surgery, relative to patients
in the low-income group, patients in the very low-income group wait 2.3 more days
(9.5% more, mean of 24.3 days). We find no evidence of socioeconomic inequalities
for lung cancer surgery. Table B.8 in Appendix B shows that the statistically
significance of the results barely varies after controlling for multiple hypotheses

testing.

We now discuss whether other patients’ characteristics are strong predictors of
waiting times. Women and men do not differ in waiting times across all procedures,
except for hip replacement in which women wait about 2.9 fewer days. There are some
differences in waiting times in relation to age. For example, patients older than 85
years for hip and knee replacement wait, respectively, 19.2 and 13.9 fewer days than
patients in the 66-75 reference group, though these very elderly patients represent only
3% and 1.4% of patients treated. For hip replacement, patients in the 18-45 years group
wait 9.1 days shorter relative to the reference group. For cataract surgery, relatively
younger patients, who are less than 56 years old, wait less by at least 19.4 days. For
prostatectomy, we see again that patients who are older than 85 years wait at least 22.9
days less. For hysterectomy, waiting times monotonically decrease with age.
Regarding cancer surgeries, waiting time for breast cancer surgery is longer as age
increases, while it decreases with age for prostate cancer surgery. For lung cancer

surgery, patients aged 46-55 and 56-65 wait less than patients aged 66-75.

We find marked differences in waiting times in relation to patient’s complexity
and comorbidities, as measured by GMA scores, for most procedures. For hip
replacement, relative to patients with basal risk, patients with high risk wait 19.9 fewer
days (13.3%), and those with moderate risk wait 9.7 days less (6.5%). For knee
replacement, relative to those with basal risk, patients with high risk wait 18.3 fewer
days (10.7%) and patients with moderate risk 11.4 days less (6.7%). For cataract
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surgery, the differences across risk groups are less than two days, and therefore much
less pronounced. The differences by complexity and comorbidities are most
pronounced for prostatectomy and hysterectomy. For prostatectomy, relative to
patients with basal risk, patients with high risk wait 55.6 fewer days (36.4%) and
patients with moderate risk wait 27.3 fewer days (17.9%). For hysterectomy, patients
with high risk wait 45.7 fewer days (34.8%) and patients with moderate risk wait 23.6
fewer days (18%). Differences are less pronounced for cancer surgeries. For breast
cancer surgery, patients with higher risk wait at most 1.7 days shorter. Instead, for
prostate cancer surgery, patients with higher risk tend to wait 3-4 days longer. We find

no differences for colorectal and lung cancer surgery.

Patients with a nationality from the North of Africa (mostly Morocco) wait
between 11.6 and 20.1 more days for hip and knee replacement and cataract surgery
than Spanish patients. Similarly, patients with a nationality of the Caribbean and
Central and South America wait 17.3 and 6.2 more days for prostatectomy and

hysterectomy, respectively, than Spanish patients.

Overall, these results suggest that patients are generally prioritised on the list,
especially in relation to patient’s complexity and comorbidities. When comparing
patients in the low-income group with those in the middle-income group, which
account together for at least 90% of patients, differences in waiting times are at most
5-6 days for hip replacement and hysterectomy, about 2 days for cataract surgery, less
than a day for breast cancer surgery, and not statistically significant for the other

procedures.
2.6.3 Socioeconomic Inequalities within and across Hospitals

To gain some further insights into possible sources of inequalities, we present
alternative specifications in Table 2.5. We first present the raw socioeconomic
gradient in waiting times without controls, which is in line with Table 2.2. Then, we
control for a set of patient and hospital characteristics to estimate the gradient net of
mediators. Some of this gradient could reflect a different case-mix, for example, if
patients with lower SES are in worse health. The second column in Table 2.5 suggests
that controlling for need (gender, age, comorbidities, primary diagnosis, procedure

type) and other patient characteristics (nationality, year of addition to the waiting list,
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Table 2.5 Results for Waiting Time Inequalities by Income Group (alternative

specifications)

No Controls Case-mix Basic Health Area Hospital Type Hospital FE
Coef. SE Coef. SE Coef. SE Coef. SE Coef. SE
Hip Replacement (N = 16,903, Mean = 149.2)
Very low-income group 4.12 (3.16) 4.82* (2.79) 5.31** (2.53) 5.58** (2.50) 5.57** (2.47)
Middle-income group -4.37** (1.78)  -8.48*** (1.82)  -5.33*** (1.27) -5.69%** (1.31) -4.84%** (1.31)
High-income group -28.87** (10.74)  -35.79***  (11.01) -19.81* (9.95) -21.81** (9.80) -21.09** (10.15)
Knee Replacement (N = 34,550; Mean = 170.4)
Very low-income group 2.90 (3.25) 0.68 (2.70) 1.46 (2.40) 1.33 (2.31) 1.34 (2.33)
Middle-income group -2.64 (2.23) -4.14* (2.16) -1.14 (1.56) -1.53 (1.52) -1.35 (1.18)
High-income group -37.27%**  (10.79) -43.32***  (11.06) -32.54***  (9.39) -34.08***  (9.85) -36.66***  (11.18)
Cataract Surgery (N = 259,695; Mean = 122.9)
Very low-income group -4.02** (1.62) -2.23 (1.55) -0.04 (0.68) -0.07 (0.66) -0.01 (0.64)
Middle-income group -3.80** (1.57) -2.64* (1.53)  -2.33*** (0.45) -2.59%** (0.47) -2.41%** (0.43)
High-income group -29.31%** (4.78)  -25.71***  (4.04) -20.80*** (3.20) -22.23***  (3.28) -21.63%** (2.88)
Prostatectomy (N = 14,014; Mean = 152.9)
Very low-income group -6.69 (6.97) -10.43 (6.50) 0.19 (5.16) 0.74 (5.13) 3.45 (4.75)
Middle-income group 5.25 (3.38) -2.50 (3.14) 0.91 (2.08) 0.23 (2.16) 1.63 (1.95)
High-income group -17.05 (15.54)  -28.99**  (12.84) -16.71 (12.17) -20.47* (11.98) -15.13 (11.21)
Hysterectomy (N = 11,174; Mean = 131.4)
Very low-income group -5.00 (3.99) 4.74 (3.87) -1.99 (3.44) -2.05 (3.42) -2.82 (3.35)
Middle-income group -3.02 (3.18) -4.14 (2.72) -5.74** (2.31) -5.98** (2.35) -6.07** (2.33)
High-income group -8.45 (28.90) -12.69 (27.85) -18.13 (27.04) -17.97 (28.13) -26.85 (26.09)
CABG (N = 1,758; Mean = 38.44)
Very low-income group 9.21 (5.59) 11.88** (4.34)  15.35%**  (3.69) 15.30** (3.84) 14.22** (3.85)
Middle-income group 5.28** (1.95) 3.59 (2.72) 1.94 (3.80) 1.93 (3.79) 1.25 (3.87)
High-income group -12.02* (5.84) -14.64 (12.29) -14.97 (11.35) -14.97 (11.38) -16.18 (11.02)
Female Breast Cancer Surgery (N = 17,762; Mean = 20.97)
Very low-income group -0.24 (0.49) -0.21 (0.47) -0.28 (0.44) -0.14 (0.43) -0.23 (0.42)
Middle-income group -0.38 (0.59) -0.53 (0.56) -0.28 (0.25) -0.45* (0.24) -0.52%** (0.18)
High-income group -0.46 (2.90) -1.04 (3.07) 1.18 (2.43) 0.91 (2.43) -0.90 (2.18)
Prostate Cancer Surgery (N = 4,659; Mean = 52.92)
Very low-income group -0.31 (2.27) -0.19 (2.39) 2.53 (1.82) 3.14* (1.84) 3.45%* (1.51)
Middle-income group -1.51* (0.89) -1.53* (0.77) -1.10 (0.81) -1.25 (0.78) -1.26 (0.84)
High-income group -7.32%* (3.07)  -6.82%** (2.49) -5.67 (3.39) -7.27** (3.35) -5.78* (3.01)
Colorectal Cancer Surgery (N = 12,011; Mean = 24.25)
Very low-income group 1.97** (0.87) 1.57* (0.83) 1.90** (0.71) 2.40%** (0.68) 2.29%** (0.63)
Middle-income group 0.37 (0.28) 0.34 (0.30) 0.17 (0.28) 0.09 (0.27) 0.02 (0.29)
High-income group -3.48 (2.25) -3.56* (2.04) -1.68 (2.02) -1.81 (2.03) -3.06 (2.08)
Lung Cancer Surgery (N = 3,255; Mean = 30.09)
Very low-income group 251 (2.25) 2.71 (2.17) 0.17 (1.66) 0.19 (1.65) 0.64 (1.65)
Middle-income group 0.02 (0.62) -0.17 (0.57) 0.42 (0.40) 0.45 (0.39) -0.02 (0.45)
High-income group -2.86 (3.11) -3.01 (3.00) 1.72 (3.31) 2.01 (3.30) 0.56 (2.84)
Patient Controls No Yes Yes Yes Yes
Basic Health Areas FE No No Yes Yes Yes
Hospital Controls No No No Yes No
Hospital FE No No No No Yes

Note: Coefficients of equations (2.1) and (2.2) for all hospital procedures. The unit of the coefficients is days. Robust-
heteroskedastic standard errors clustered at the hospital level are in parentheses. Column (1) shows the results without
controlling for any variable. Column (2) adds patient characteristics, such as gender, age, comorbidity score, primary
diagnosis, procedure type, nationality, month of hospital admission, and year fixed effects. Column (3) includes 'basic
health area’ of residence and Column (4) type of hospital. Column (5) controls for hospital fixed effects. Waiting times,
income groups, and control variables are defined in Section 2.4. Coefficients on control variables are not reported.
Parameters statistically significant at 1% (***), 5% (**), and 10% (*) levels are reported next to the coefficients.
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and month of hospital admission) does not alter the gradient for most surgeries. Two
exceptions are hip and knee replacement where the gradient is somewhat more

pronounced.

After controlling for case-mix, other factors that could explain the gradient relate
to where patients reside and the type of hospitals they attend. For example, it could be
that patients with low SES live closer to hospitals with relatively higher demand or
longer waiting times. The comparison of the results in the third and fourth columns in
Table 2.5 are broadly in line with those in the first column suggesting that variations
in waiting times by ‘basic health area’ of residence and hospital type do not explain
the gradient. This conclusion is further reinforced by the comparison of the last
specification in Table 2.5 (with hospital fixed effects, which is the same as in Table
2.4) and the gradient when controlling for hospital types and health area of residence.
The waiting time gradients by income group are very similar, suggesting that

inequalities in waiting times arise within hospitals.
2.6.4 Type of Hospital

Column 4 of Table 2.5 shows that the socioeconomic gradient in waiting times does
not vary when controlling for hospital type, suggesting that there is not an association
between SES and type of hospital, whether public vs. private not-for-profit, or
teaching vs. non-teaching. There may be two possible explanations for this result. The
first is that waiting times differ by hospital type, but patients in a higher income group
are not more likely to be treated by types with shorter wait. The second possibility is
that waiting times do not differ by hospital type. In Table 2.6, we report the association
between waiting times and type of hospital. Table 2.6 shows that waiting times are
generally shorter for private not-for-profit hospitals and therefore gives support for the

first explanation.

We have four hospital types: public teaching hospital (baseline), public non-
teaching hospital, private not-for-profit teaching hospital, and private not-for-profit
non-teaching hospital. There is only one public non-teaching hospital. We therefore
comment mostly on whether private not-for-profit teaching and non-teaching hospitals

have shorter waiting times than public teaching hospitals.
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Relative to public teaching hospitals, private not-for-profit teaching hospitals
have shorter waiting times for knee replacement (30.4 days shorter or 17.8% less),
cataract surgery (34.9 fewer days or 28.4% less), prostate cancer surgery (7.6 fewer

days or 14.4% less) and colorectal cancer surgery (5.2 fewer days or 21.4% less).

Waiting times are also shorter for private not-for-profit non-teaching hospitals.
Relative to public teaching hospitals, private not-for-profit non-teaching hospitals
have shorter waiting times for hip (23.9 fewer days or 16% less) and knee replacement
(31.5 days shorter or 18.5% less), cataract surgery (31.2 fewer days or 25.4% less),
prostatectomy (44.3 fewer days or 29% less), breast cancer surgery (6.4 fewer days or
30.5% less), prostate cancer surgery (10.8 fewer days or 20.4% less), and colorectal

cancer surgery (17.5 fewer days or 72% less).

These results suggest that although waiting times are shorter, on average, for
private not-for-profit hospitals across several surgeries, patients with differing SES do

not benefit from such shorter waiting times in a systematic way.
2.6.5 Socioeconomic Inequalities in Waiting Times by Gender

In this section, we explore whether the socioeconomic gradient in waiting times differs
by gender. Table 2.7 provides the results of our preferred specification and shows that
there is not a systematic pattern. When comparing waiting times for very low and
middle-income groups, we find that waiting times are more pronounced for women.
For hip replacement, women in the middle-income group wait 7.1 fewer days relative
to the low-income group, while men 3.7 fewer days. For cataract surgery, women in
the middle-income group wait 3.2 fewer days relative to the low-income group, while
men wait 1.7 fewer days. Similarly, for CABG, women in the very low-income group
wait 28.4 days longer relative to the low-income group, while men 17 days longer. For
colorectal cancer surgery, women in the very low-income group wait 2.6 days longer
relative to the low-income group, while men wait 1.5 days longer. The results are more
pronounced for men when looking at the high-income group. For knee replacement,
men in the high-income group wait 46.9 fewer days relative to the low-income group,
while women wait 21.6 fewer days (though this is not statistically significant due to
few observations). For cataract surgery, men in the high-income group wait 24.7 fewer

days relative to the low-income group, while women wait 14.1 fewer days.
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Table 2.6 Results for Waiting Time Inequalities by Type of Hospital

Hip Knee Breast Prostate  Colorectal Lung
Cataract Prosta- Hystere-
Repla- Repla- CABG Cancer Cancer Cancer Cancer
Surgery tectomy ctomy
cement cement Surgery  Surgery Surgery Surgery
Type of hospital (Baseline: Public teaching hospital)
. . . 62.68*** 112.17%** 3.23 -08.92*** 0.65 - -14.22%** -24.01*** -11.36*** -
Public non-teaching hospital
(10.12) (17.41) (15.18) (23.02) (17.68) - (0.85) (4.31) (2.52) -
Private not-for-profit teaching 1223 -30.39%*  -34.87** -14.71 21.62 5.63 -0.49 -7.58%* -5.20%** -2.59
hospital (9.41) (14.62) (13.18) (21.59) (25.00) (8.45) (3.77) (4.41) (1.87) (2.61)
Private not-for-profit non-teaching ~ ~23-90***  -31.48**  -3115%**  -44.20** -20.36 - -6.43** -10.77%* 17477 -
hospital (7.94) (12.58) (7.50) (17.08) (20.84) - (2.93) (3.95) (1.92) -
Observations 16,903 34,550 258,695 14,014 11,174 1,758 17,762 4,659 12,011 3,255
R? 0.279 0.303 0.325 0.272 0.348 0.390 0.200 0.268 0.334 0.336
Mean 149.2 170.4 122.9 152.9 131.4 38.44 20.97 52.92 24.25 30.09

Note: Coefficients of type of hospital for equation (2.1) for all hospital procedures. The unit of the coefficients is days. Waiting times, income groups, and control
variables are defined in Section 2.4. Coefficients on income groups and controls are not reported for the sake of brevity. Robust-heteroskedastic standard errors clustered
at the hospital level are in parentheses. Parameters statistically significant at 1% (***), 5% (**), and 10% (*) levels are reported next to the coefficients.
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Table 2.7 Results for Waiting Time Inequalities by Income Group and Gender (within hospitals)

Hip Replacement Knee Replacement Cataract Surgery CABG Caﬁgécr)rsejﬁglery Luggrgsrn;er

Female Male Female Male Female Male Female Male Female  Male Female Male
Income group (Baseline: Low)

Very low 5.47 5.92 0.48 5.84 -0.48 0.87 28.41* 16.96* 2.56**  1.52* -2.75 0.07
(3.59) (4.37) (2.45) (6.40) (0.69) (1.29) (12.39) (6.60) (1.22) (0.89) (4.29) (1.85)
. S7 LR 370%* -0.77 -1.74 -3.21%** -1.70%** -3.13 1.80 -0.72 0.35 -1.65 0.64
Middle (2.20) (1.34) (1.31) (1.65) (0.60) (0.51) (7.73) (4.34) (0.57) (0.32) (1.08) (0.61)
High -30.55 -17.36 -21.56 -46.89%**  -14.10%*  -24.71*** - -16.17 -5.02 -2.08 3.79 -1.10
(20.01) (11.36) (14.57) (15.75) (5.89) (2.92) - (10.60) (4.60) (2.43) (4.57) (3.94)
Observations 7,734 9,169 23,541 11,009 148,254 110,441 229 1,529 4,647 7,364 908 2,347
R2 0.353 0.354 0.400 0.408 0.378 0.368 0.889 0.434 0.414 0.380 0.552 0.410
Mean 146.0 151.8 170.2 170.8 123.5 122.1 36.99 38.65 23.81 24.52 30.43 29.95

Note: Coefficients of equation (2.2) for all hospital procedures by gender. The unit of the coefficients is days. Robust-heteroskedastic standard errors clustered at the hospital
level are in parentheses. Waiting times, income groups, and control variables are defined in Section 2.4. Coefficients on control variables are not reported for the sake of
brevity. Parameters statistically significant at 1% (***), 5% (**), and 10% (*) levels are reported next to the coefficients.



2.6.6 Maximum Time Guarantee

In this section, we complement the main results in Table 2.4 by investigating whether
waiting time inequalities by income group are more pronounced at the upper end of
the waiting time distribution in relation to the maximum time guarantee. We therefore
replicate the analysis, but use as dependent variable a dummy variable equal to one if
patient’s waiting time is greater than the maximum time guarantee in Table 2.84.

Table 2.8 Results for Probability of Waiting Above the Maximum Time Guarantee
by Income Group

Hip Knee Cataract Breast Prostate Colorectal Lung
Repla- Repla- CABG Cancer Cancer Cancer Cancer
Surgery
cement cement Surgery  Surgery  Surgery  Surgery
Income group (Baseline: Low)
0.02 0.02 0.00 0.01 -0.00 0.07* 0.04** 0.03
Very low
(0.02) (0.01) (0.00) (0.02) (0.01) (0.04) (0.02) (0.04)
Middl -0.03*** -0.01 -0.01*** 0.00 -0.00 -0.02 0.00 0.01
iddle
(0.01) (0.01) (0.00) (0.03) (0.00) (0.02) (0.01) (0.01)
High -0.04 -0.12* -0.06*** -0.17 -0.01 -0.12 0.01 -0.11
19

(0.05) (0.06) 0.02)  (011)  (0.03) (0.07) (0.03) (0.08)
Observations 16,903 34,550 258,695 1758 17,762 4,659 12,011 3,255
R? 0.227 0.259 0197 0311 0085 0.267 0.228 0.270
Mean 0.329 0.395 0187 0098 0057 0.352 0.115 0.200

Note: Coefficients of equation (2.2) for all hospital procedures using a dummy variable equal to one if
patient's waiting time exceeded the maximum time guarantee, and zero otherwise. The unit of the
coefficients is percentage points. Robust-heteroskedastic standard errors clustered at the hospital level are
in parentheses. Dependent variable, income groups, and control variables are defined in Section 2.4.
Coefficients on control variables are not reported for the sake of brevity. Parameters statistically
significant at 1% (***), 5% (**), and 10% (*) levels are reported next to the coefficients.

The results are generally in line with those reported in Table 2.4 but display less
statistical significance. The probability of exceeding the maximum time guarantee for
hip replacement decreases by 3p.p. if the patient is in the middle-income group
compared to the low-income group (with 32.9% of patients waiting above the
maximum). Similarly, patients in the high-income group have also a smaller
probability of exceeding the maximum time guarantee for knee replacement by 12p.p.
(with 39.5% of patients waiting above the maximum). For cataract surgery, the
probability of waiting more than 180 days reduces by 1p.p. and 6p.p. for patients in

the middle and high-income groups, respectively (with 18.7% of patients waiting

40 Recall that the maximum time guarantee is 45 days for female breast, colorectal, and lung cancer
surgery, 60 days for prostate cancer surgery, 90 days for CABG, and 180 days for cataract surgery, and
hip and knee replacement.
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above the maximum). The probability of waiting more than the maximum time
guarantee for patients in the very low-income group with prostate and colorectal
cancer surgery increases by 7p.p. and 4p.p, respectively (with 35.2% and 11.5% of

patients waiting above the maximum).
2.6.7 Reasons for Exiting the Waiting List

In Table 2.9, we show that the probability of voluntarily existing the waiting list for
patients in the middle-income group, relative to the low-income group, is higher for
knee replacement by 1p.p. (with 11.5% of patients voluntarily exiting the waiting list),
cataract surgery by 0.4p.p (with 3.8% of patients), prostatectomy by 1.2p.p. (with
7.2% of patients), and breast cancer surgery by 0.4p.p. (with 1% of patients). These
results suggest that patients with higher SES are more likely to voluntarily exit the
waiting list, possibly due to patients obtaining care by another public or private

provider.

For cataract surgery, the probability of having a surgery cancelled for medical
reasons is higher for patients in the very low-income group by 0.3p.p (with 1.2% of
patients having a surgery cancelled) relative to the low-income group. It is lower by
0.5p.p. (with 1.9% of patients) for patients in the middle-income group undergoing a
breast cancer surgery. These results are consistent with higher SES reducing the
probability of having a surgery cancelled. However, the effect is insignificant for most
other procedures and income groups, and for colorectal cancer surgery cancellations
are higher for patients in the high-income group. These findings suggest that patients
with lower SES might be more likely to have worse health and higher risk when
undergoing a surgery and thus have a higher likelihood of having a surgery cancelled

due to clinical reasons.

Relative to the low-income group, we also find that patients in the middle-income
group have a lower probability of dying while waiting for hip replacement (by 0.2p.p.),
cataract surgery (by 0.1p.p.), and hysterectomy (by 0.1p.p.), and patients in the high-
income group have less probability of dying for cataract surgery (by 0.3p.p.). These
results might indicate that people with lower SES have a higher mortality risk at any
point in time irrespective of being in a waiting list given that waiting for a hip
replacement, cataract surgery, or hysterectomy is not associated with deadly

conditions. The results may be also explained by the fact that patients in hip
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replacement and cataract surgery waiting lists are older. Finally, the absence of
significant results for cancer surgery could suggest that the prioritisation protocols in
Catalonia are followed. This absence is suggestive that patients with lower SES and

cancer are not dying in the waiting list and might reinforce the small socioeconomic

gradient in waiting times for cancer surgery in Section 2.6.2.

Table 2.9 Results for Reasons for Exiting the Waiting List

Patient voluntarily decides

Surgery cancelled for

Patient dies in the

to exit the waiting list medical reasons waiting list
Coef. SE Coef. SE Coef. SE

Hip Replacement
Very low-income group 0.011 (0.013) 0.003 (0.007) 0.003 (0.003)
Middle-income group 0.004 (0.004) -0.003 (0.003) -0.002** (0.001)
High-income group -0.007 (0.042) 0.055* (0.030) -0.002 (0.001)
Observations 18,317 17,463 16,967
R? 0.043 0.060 0.070
Mean 0.077 0.032 0.004

Knee Replacement
Very low-income group 0.007 (0.0112) 0.011 (0.007) -0.000 (0.001)
Middle-income group 0.010** (0.004) -0.000 (0.003) -0.000 (0.001)
High-income group 0.064 (0.056) 0.011 (0.025) -0.001 (0.001)
Observations 39,021 35,862 34,628
R? 0.044 0.036 0.024
Mean 0.115 0.037 0.002

Cataract Surgery
Very low-income group 0.007*** (0.002) 0.003** (0.001) 0.000 (0.001)
Middle-income group 0.004*** (0.001) -0.001 (0.001) -0.001** (0.000)
High-income group 0.016 (0.012) -0.005 (0.004) -0.003*** (0.000)
Observations 268,947 261,896 259,715
R? 0.016 0.022 0.012
Mean 0.038 0.012 0.004

Prostatectomy
Very low-income group 0.024 (0.016) 0.015 (0.012) 0.007 (0.007)
Middle-income group 0.012*** (0.004) 0.003 (0.003) 0.001 (0.002)
High-income group 0.009 (0.035) 0.001 (0.018) 0.001 (0.002)
Observations 15,104 14,608 14,121
R? 0.065 0.057 0.046
Mean 0.072 0.041 0.008
Hysterectomy
Very low-income group 0.001 (0.007) 0.011 (0.008) 0.000 (0.001)
Middle-income group 0.002 (0.006) 0.002 (0.003) -0.001** (0.000)
High-income group -0.025 (0.048) 0.019 (0.035) -0.003 (0.002)
Observations 11,907 11,421 11,184
R? 0.062 0.059 0.048
Mean 0.062 0.022 0.001
CABG
Very low-income group 0.030 (0.032) 0.006 (0.032) -0.001 (0.002)
Middle-income group -0.007 (0.0112) 0.001 (0.015) 0.002 (0.004)
High-income group -0.020 (0.034) 0.054 (0.039) 0.004 (0.006)
Observations 1,806 1,864 1,764
R? 0.202 0.245 0.252
Mean 0.027 0.057 0.003
Female Breast Cancer Surgery

Very low-income group 0.002 (0.004) 0.004 (0.005) -0.000 (0.000)
Middle-income group 0.004** (0.002) -0.005%** (0.002) 0.000 (0.000)
High-income group 0.029 (0.028) 0.003 (0.023) 0.000 (0.000)
Observations 17,944 18,105 17,764
R? 0.043 0.039 0.030
Mean 0.010 0.019 0.0001
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Patient voluntarily decides

Surgery cancelled for

Patient dies in the

to exit the waiting list medical reasons waiting list
Coef. SE Coef. SE Coef. SE
Prostate Cancer Surgery
Very low-income group 0.010 (0.025) 0.006 (0.026)
Middle-income group 0.006 (0.006) 0.001 (0.006)
High-income group 0.056* (0.028) 0.015 (0.023)
Observations 4,842 4,772 -
R2 0.103 0.102 -
Mean 0.038 0.024 -
Colorectal Cancer Surgery
Very low-income group 0.002 (0.005) -0.006 (0.006) -0.000* (0.000)
Middle-income group 0.003* (0.001) 0.002 (0.003) -0.001* (0.000)
High-income group 0.010 (0.021) 0.094** (0.042) -0.001 (0.000)
Observations 12,124 12,334 12,018
R2 0.062 0.053 0.028
Mean 0.009 0.026 0.001
Lung Cancer Surgery
Very low-income group 0.022* (0.0112) 0.028 (0.027) -0.004 (0.003)
Middle-income group -0.000 (0.004) 0.003 (0.007) -0.001 (0.001)
High-income group -0.007 (0.006) -0.060* (0.028) -0.001 (0.001)
Observations 3,289 3,364 3,257
R2 0.131 0.123 0.210
Mean 0.010 0.032 0.001

Note: Coefficients of equation (2.2) for all hospital procedures using a dummy variable equal to one
if a patient exits the waiting list for another reason than having a surgery, and zero otherwise. The
unit of the coefficients is percentage points. Robust-heteroskedastic standard errors clustered at the
hospital level are in parentheses. Dependent variables, income group, and control variables are
defined in Section 2.4. Coefficients on control variables are not reported for the sake of brevity.
Parameters statistically significant at 1% (***), 5% (**), and 10% (*) levels are reported next to the
coefficients.

2.7 Robustness Checks

Our samples consider patients with heterogeneous primary diagnoses and procedure
types. For instance, hip replacement patients can be diagnosed with osteoarthrosis,
other arthropathies, joint disorders, among others. Similarly, they can undergo a total,
partial or revision hip replacement. If uncommon primary diagnoses and procedure
types were driving the results, we would have claimed that a socioeconomic gradient
in waiting times is present in a wider population than it actually is. To homogenise the
samples, we include the most common primary diagnoses and procedure types and

test the robustness of our results in Table B.9 in Appendix B*.

Table B.9 shows that socioeconomic inequalities in waiting times in Table 2.4
are robust to more homogeneous definitions of the sample. Following our example of

hip replacement, patients in the very low-income group wait 6.2 more days and

41 Table B.4 and Table B.5 in Appendix B report ICD-9-CM codes and descriptions of the categories
employed as primary diagnosis and procedure type by procedure. Underlined primary diagnoses and
procedure types are the ones considered in Table B.9.

73



patients in the middle-income group wait 4.1 fewer days than patients in the low-
income group. Patients in the high-income group also wait less (17.6 fewer days),
although the coefficient is no longer statistically significant. The results for the

remaining surgeries are also similar to those of Table 2.4.
2.8 Conclusion

This study has tested for the presence of socioeconomic inequalities in waiting times
for several publicly funded surgical procedures in Catalonia (Spain) in 2015-2019.
The study highlights the presence of some inequalities in favour of patients in higher
income groups. These socioeconomic inequalities arise mostly within hospitals and
are not explained by patient characteristics, location, or type of hospital. Our key
findings are as follows. For hip replacement, relative to patients in the low-income
group, patients in the very low-income group wait 5.6 more days and those in the
middle-income group wait 4.8 days less. For cataract surgery, patients in the middle-
income group wait 2.4 days shorter. For hysterectomy, patients in the middle-income
group wait 6.1 fewer days. For CABG, patients in the very low-income group wait
14.2 days longer. For female breast cancer surgery, patients in the middle-income
group wait 0.5 fewer days. For prostate cancer surgery, patients in the very low-
income group wait 3.5 more days. For colorectal cancer surgery, patients in the very

low-income group wait 2.3 more days.

We also find evidence that patients are prioritised on the list based on clinical
need. For example, patients with complex needs (complexity score above 95th
percentile of the population distribution) wait 18-19 days shorter for hip and knee
replacement, and 46 and 56 days shorter for hysterectomy and prostatectomy,
respectively. In relative terms, we conclude that the inequalities by SES are relatively
small in comparison. However, we find that for one specific group, the patients in the
high-income group (with an income above €100,000) inequalities in waiting times are
more substantive, over 20 days difference for hip and knee replacement, and cataract
surgery, relative to the low-income group. The number of patients in the high-income

group is however small.

There are different possible explanations for our findings. Patients with higher
SES may be better at articulating their needs and making a case for being given higher

priority in the waiting list. They may be better at keeping up with the processes of the
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health systems and have more flexibility in their schedule, which in turn could affect
the probability of missing appointments and attending the scheduled hospital
admission reducing thus the duration of their waiting time. Moreover, patients with
higher SES could get ahead in the queue by putting pressure to the provider (e.g.
through frequent phone calls) or through informal channels (e.g. knowing someone
working at the hospital). They are also likely to be better informed of their rights and,
potentially, take legal actions if delays become significant. To reduce the
socioeconomic inequalities in waiting times, more disadvantaged patients seem to
need a closer guidance throughout the process of getting treatment in public

healthcare.

Our findings also show that patients in the middle-income group relative to the
low-income group are more likely to voluntarily exit the waiting list for knee
replacement, cataract surgery, prostatectomy, and breast cancer surgery. These results
could suggest that patients with higher SES exit the waiting list in the public sector
and seek medical treatment in another public or private hospital. We find that patients
in higher income groups have a lower likelihood of having a surgery cancelled for
medical reasons for cataract surgery and breast cancer surgery, suggesting that poorer
patients have worse health. Finally, the probability of dying in the waiting list is also
lower for richer patients with hip replacement, cataract surgery, and hysterectomy.
Poorer patients might not die due to waiting for these surgeries, but they may be more
likely to die irrespective of their medical condition. Instead, we do not find a gradient
in the probability of dying for patients waiting for a cancer surgery. Prioritisation rules
in Catalonia seem to effectively work and the small socioeconomic gradient found in
waiting times for cancer surgery might not be due to poorer patients dying while

waiting.

Our study has some limitations. First, we cannot observe SES directly, but only
indirectly on the basis of co-payment levels for medicines which depend on patient’s
annual gross income or Social Security benefits in broad categories. Second, although
we have controlled for a number of patient characteristics, we cannot exclude that
unobserved dimensions of patient complexity or severity remain, which could be
related to prioritisation and therefore waiting times and SES. Last, we have focused
on a selected number of procedures. We also analysed a specific waiting time

definition, without considering radiotherapy and chemotherapy for cancer surgery for
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instance. Future work could replicate the analysis for a range of different treatments

and definitions.
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3 Chapter 3: The Effect of a Universal
Preschool Programme on Long-Term Health

Outcomes: Evidence from Spain
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Abstract

Early childhood education programmes are expected to improve child conditions
including educational attainment, labour, and health outcomes. This study evaluates
the effect of a Spanish universal preschool programme, which implied a large-scale
expansion of full-time high-quality public preschool for three-year-olds in 1991, on
long-term health. Using a difference-in-differences approach, I exploit the timing of
the policy and the differential initial speed of implementation of public preschool
expansion across regions. | compare long-term health of cohorts aged three before to
those aged three after the start of the policy residing in regions with varying initial
implementation intensity of the programme. The results show that the policy does not
affect long-term health outcomes and use of healthcare services, except for two
outcomes. A greater initial intensity in public preschool expansion by 10 percentage
points decreases the likelihood of being diagnosed with asthma by 2.1 percentage
points, but hospitalisation rates increase by 2.7%. The findings indicate that the effect
on asthma is larger for men, hospitalisation rates are higher for pregnant women, and
disadvantaged children benefit the most in terms of a lower probability of taking
medicines and being diagnosed with asthma and mental health disorders.

Keywords: Universal Preschool Programme; Long-Term Effects; Health Outcomes;
Difference-in-Differences; Spain.

JEL codes: 110, 128, J13.
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3.1 Introduction

Investments in human capital such as education boost the efficiency of the production
function of an individual’s health capital (Grossman, 1972). These investments are
more productive in early life since their rate of return declines as children grow up
(Cunha et al., 2006). Early life experiences are considered the cornerstone of the brain
architecture accountable for determining long-term cognitive and non-cognitive skills,
and physical and mental health (Duncan & Magnuson, 2013; Knudsen et al., 2006;
Sapolsky, 2004), and have been found to persistently impact later-life child human
capital development (Almond & Currie, 2011). Evidence has established that early
childhood education programmes can affect child conditions in many domains ranging
from education, income, and employment to health (Almond et al., 2018) throughout
the life course (Ruhm & Waldfogel, 2012).

In the last years, discrepancies on whether preschool should be targeted or
universal have played the lead in early education policy debates in the United States
(Lieberman, 2015). Countries also differ in their approach in Europe where less than
half of them provide universal access to preschool at age three and only eight
guarantee a place in preschool before age three in 2018/19 (European
Commission/EACEA/Eurydice, 2019). Given how decisive early life conditions are
for child human capital development, policymakers aim at assessing which type of

preschool (whether targeted or universal) benefits children and countries more.

Research on early childhood education interventions has mostly focused on
programmes targeted at disadvantaged children (e.g. Perry Preschool Project, Carolina
Abecedarian Project, Head Start in the United States), which overall pointed to long-
run improvements in a wide set of outcomes including health (e.g. Campbell et al.,
2014; Carneiro & Ginja, 2014; Conti et al., 2016; Garces et al., 2002; Heckman et al.,
2010; Ludwig & Miller, 2007). These findings however cannot be generalised to
universal programmes for two reasons (Baker, 2011). First, children at risk might react
differently to universal programmes which may be cheaper in terms of cost per child
and differentiate less among students than targeted programmes. Second, more
advantaged children could show different responses than that of less advantaged
children to common treatments. Few studies analysed instead the impact of universal

early education programmes, especially on health, and found mixed results (see Cascio
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(2015), Dietrichson et al. (2020), and van Huizen & Plantenga (2018) for literature

reviews).

In this study, | evaluate a Spanish universal preschool reform (the Organic Act
on the General Organisation of the Education System, hereafter LOGSE) and its
effects on health outcomes (health status, chronic conditions, consumption of
medicines, mortality) and healthcare use (doctor, hospital, and emergency service
visits, hospitalisations) at ages 11-27. The LOGSE comprised a large-scale expansion
of full-time high-quality public preschool for three-year-olds in 1991/92 school year
implying an increase in public enrolment rates of almost 20 percentage points (p.p.)
over the first four years of implementation, from about 10% in 1990/91 to 30% in
1993/94. Despite being nationally enacted, the implementation of the LOGSE was the
responsibility of the Spanish regions. This allows to exploit the fact that the initial

intensity in public preschool expansion varied across regions.

To study the effect of the policy on long-term health, I use both survey and
administrative data and employ a difference-in-differences (DiD) strategy exploiting
the timing and geographical variation of the implementation of the reform. | compare
long-term health of cohorts aged three before to those aged three after the start of the
programme, across individuals either residing or born in regions with varying initial
intensity (measured as the regional increase in public enrolment rates of three-year-
olds between 1990/91 and 1993/94) in public preschool implementation.

Overall, the findings show that the LOGSE has no effect on long-term health,
except for two indicators. First, an increase of 10p.p. in the initial intensity in public
preschool expansion reduces the probability of being diagnosed with asthma by
2.1p.p. for individuals aged three post-policy. This result can be interpreted as children
attending preschool might attain higher levels of immunity during childhood (hygiene
hypothesis, (Strachan, 1989, 2000)), certain illnesses could be detected by preschool
teachers and thus treated earlier (Breivik et al., 2020), or preschool may be a more
productive and healthier environment than staying at home. The decrease in the
probability of being diagnosed with asthma is larger for men. Second, the LOGSE
increases hospitalisation rates by 2.7%. This result is contrary to the main hypothesis
that preschool improves children’s long-term health. Although the effect on the

remaining health outcomes is statistically insignificant, their sign goes in the expected
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direction indicating that the LOGSE affects positively long-term health and pointing
that the rise in hospitalisations is mainly due to a change in the health seeking
behaviour towards a higher use of healthcare. The increase in hospitalisations due to
a higher healthcare use could be explained by the fact that the LOGSE boosts
educational attainment and maternal employment (Felfe et al., 2015; Nollenberger &
Rodriguez-Planas, 2015) and previous evidence showed that rich and high-educated
individuals use specialist healthcare more (van Doorslaer et al., 2004). | also find that

the rise in hospitalisations is driven by pregnant women.

I conduct a heterogeneity analysis by parental education to study the potential
differing reactions to universal programmes of more and less advantaged children
(Baker, 2011). I find that the LOGSE decreases the probability of being diagnosed
with asthma for children with low-educated parents and reduces the likelihood of
being diagnosed with mental health disorders and taking medicines for children with
medium-educated parents. Children with lower socioeconomic status (SES) might
have a lower productivity of time spent with parents than the productivity of time spent
in formal high-quality childcare. Children with medium-educated parents also have a

higher probability of visiting an emergency service.

This study contributes to our understanding of the long-term effects of early
childhood education programmes in three ways. First, this investigation contributes to
the limited literature on the effect of universal early education programmes on long-
term health by analysing young adults at ages 11-27, since most studies had a short-
term horizon (Baker et al., 2008; Cornelissen et al., 2018; Kottelenberg & Lehrer,
2013, 2014, 2018; van den Berg & Siflinger, 2022). Three studies examined long-term
health by analysing teenagers up to age 20 in Canada (Baker et al., 2019; Haeck et al.,
2018) and studying adults in their 30s and 40s in Norway (Breivik et al., 2020). Instead
of considering only adolescence, | also focus on early adulthood which comprises
those years when physical development is at its peak and individuals start taking first
lifetime decisions (e.g. emancipating, going to college, entering the labour force,

finding a partner, having children).

Second, the effects of early education programmes depend on the counterfactual
mode of care that children would enrol in absence of the programme, i.e. parental care,

informal out-of-home care, or formal out-of-home care (Blau & Currie, 2006; Havnes,

81



2012). The evidence on the effect of universal early education programmes on long-
term health has focused on countries (Norway and Canada) with high female
employment rates, policies targeting at work-family balance, and growing economies
(Nollenberger & Rodriguez-Planas, 2015). These studies interpreted their results as
the impacts of universal programmes on health due to a change in the type of out-of-
home care from informal to formal (Baker et al., 2019; Breivik et al., 2020; Haeck et
al., 2018). Instead, | analyse a setting with low female labour participation, high
unemployment rates, low levels of childcare supply, and few family-friendly policies
as the case of Spain in the late 1980s and early 1990s, whose universal preschool
programme crowded out family care (Felfe et al., 2015; Nollenberger & Rodriguez-
Planas, 2015). These differences in characteristics make Spain an interesting case to
analyse as previous evidence focused on countries (Norway and Canada) whose
general population was likely to have higher SES than that of the Spanish population
and, thus, whose universal childcare had potential different effects than the LOGSE.

Third, the only evidence on how the LOGSE affected child outcomes is the study
by Felfe et al. (2015) who analysed cognitive development. Instead, | explore for the
first time the effect of the LOGSE on (long-term) health by employing different data
and slightly deviating from Felfe et al. (2015)’s methodology (using a continuous

rather than a binary treatment).

The structure of the remainder of this study is as follows. Section 3.2 provides a
literature review, outlines the mechanisms behind the long-term health effects of
universal early education programmes and explains the institutional setting. Section
3.3 describes the data and Section 3.4 defines the empirical strategy. Section 3.5
presents the main results, Section 3.6 tests their robustness, and Section 3.7 studies

their heterogeneity. Finally, Section 3.8 concludes.

3.2 Background

3.2.1 Related Literature

Few studies analysed how universal early education programmes affected health with

mixed findings*?. Regarding short-term health outcomes, van den Berg & Siflinger

42 Most studies focused on cognitive skills measured by test scores (e.g. Baker et al., 2008, 2019;
Berlinski et al., 2009; Blanden et al., 2016; Carta & Rizzica, 2018; Gormley & Gayer, 2005) and
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(2022) examined the impact of a day-care reform in Sweden in 2002, which implied a
reduction of fees, a supply expansion for children aged one to five, and a crowding
out of informal care. Their results showed an improvement in mental health after age
three, a rise in infectious and other childhood diseases, but a later decrease due to
immunity in the latter outcomes. There was also a rise (decrease) in medical visits at
ages two to three (six to seven). Cornelissen et al. (2018) explored a universal
childcare programme in 1996 for which a subsidised slot was guaranteed to all
children from their third birthday in Weser-Ems, Germany. They found no effect on

health measured by body mass index and risk of overweight during childhood.

Several investigations studied the short-term health effects of a universal
subsidised childcare programme in Quebec (Canada) in the late 1990s that crowded
out informal care. Baker et al. (2008) reported that the childcare programme had a
detrimental effect on health status and a positive effect on the probability of having
nose, throat or ear infection at ages 0-4, mainly driven by being a low-quality
programme compared to the counterfactual mode of care. Related studies showed that
newer cohorts entering the programme also experienced negative effects
(Kottelenberg & Lehrer, 2013), these were greater for those enrolled younger
(Kottelenberg & Lehrer, 2014), and results were heterogenous by gender
(Kottelenberg & Lehrer, 2018)%.

Three studies analysed the long-term health effects of universal childcare
programmes. Breivik et al. (2020) examined adult health of individuals affected by
the 1975 universal childcare reform in Norway, which expanded subsidised childcare
places to all children aged three to six. They found that individuals aged 30-47 affected
by the reform needed longer sickness absences and more primary healthcare visits

related to normal pregnancies by 27% and 7%, respectively. They found that these

maternal labour supply (e.g. Andresen & Havnes, 2019; Berlinski & Galiani, 2007; Fitzpatrick, 2010;
Havnes & Mogstad, 2011b; Herbst, 2017; Lefebvre & Merrigan, 2008). Others also analysed non-
cognitive skills (e.g. Berlinski et al., 2009; Datta Gupta & Simonsen, 2010; Felfe & Lalive, 2018),
educational attainment (e.g. Berlinski et al., 2008; Havnes & Mogstad, 2011a), and labour outcomes
(e.g. Cascio, 2009; Havnes & Mogstad, 2011a, 2015; Herbst, 2017) and to a lesser extent parental well-
being (e.g. Baker et al., 2008; Brodeur & Connolly, 2013) and crime behaviour (e.g. Baker et al., 2019;
Cascio, 2009). Findings when evaluating these outcomes are also inconclusive.

43 Other studies explored universal early childhood programmes that went beyond the expansion of
childcare places. For instance, Cattan et al. (2021) analysed the short- and medium-term effects of the
Sure Start on hospitalisations in England. The Sure Start is a universal programme that implied the
opening of centres in which services to support children and parents were offered. They found that
hospitalisations for one-year-olds increased by 10% for an additional centre, while hospitalisations for
children aged 11-15 decreased by 7%-11%.
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same individuals used primary and specialist healthcare for mental health by 1.2%-
2% and 3.3% less, respectively. These effects were driven by children of working
mothers since the reform crowded out informal care and had no effect on maternal
employment. The remainder of the studies analysed the long-term health effects of the
Quebec programme. Baker et al. (2019) found that the negative short-term effects on
self-reported health status persisted until ages 12-20 (7.3% increase of a standard
deviation), but long-term mental health was not affected. Instead, Haeck et al. (2018)
estimated that the negative short-term effects on self-reported health status and asthma
attacks vanished as children grew up, and found a lower prevalence of mental health

problems at ages 15-19.

Closely related to this study, two articles analysed the effect of the LOGSE in
Spain. Felfe et al. (2015) focused on children’s cognitive development at age 15 using
PISA test data and found that individuals affected by the reform had higher reading
test scores by 0.15 standard deviations and a lower prevalence of grade retention in
primary school by 2.4p.p. The results are only significant for girls, children from
disadvantaged backgrounds, and older cohorts. Second, Nollenberger & Rodriguez-
Planas (2015) found an increase in maternal labour force participation using the
Spanish Labour Force Survey. They estimated that ten additional three-year-olds

enrolled in public preschool implied that two mothers joined the labour force.
3.2.2 Mechanisms

The effect of early education programmes on long-term health might be through
several channels**. The effect largely depends on the type and quality of the
counterfactual mode of care. Preschool might imply a more enriching, stimulating and
productive learning environment for children than home. Early skill learning is
enduring over time, self-strengthening and encouraging in the acquisition of other
abilities (self-productivity), while making future learning more efficient, productive,
and likely to continue (dynamic complementarity) (Cunha & Heckman, 2007,
Heckman, 2006). Investments in human capital improve individual’s stock of health
capital (Grossman, 1972) and earlier ones have a higher rate of return than later

investments as their benefits are reaped for a lengthier period (Carneiro & Heckman,

4 The mechanisms presented are based on Breivik et al. (2020).
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2003). All these might imply that competences learnt in preschool may affect the

evolution of health capital.

Several diseases might be influenced by genetics, but also shaped by
environmental and lifestyle factors (e.g. nutrition, stress, pollution) surrounding
children (Gilles et al., 2018; Tsuang et al., 2004). Parallelly, preschool staff can detect
health problems at early stages, guide parents and recommend preventive practices
(e.g. vaccination, check-ups) to minimise their consequences (Breivik et al., 2020).
Early education policies could affect health through an early detection of illnesses as
well as changes in child’s environmental surroundings. For instance, the hygiene
hypothesis (Strachan, 1989, 2000) states that children exposed to more pathogens (as
may happen in preschool) experience higher infection rates in early life, while
developing their immune system and getting protection for future diseases, such as
infectious and parasitic illnesses, respiratory problems, and allergies. Similarly,
preschool might imply a safer environment for children than staying at home.
However, childcare attendance is associated with consumption of antibiotics (Thrane
et al., 2001), whose overuse can have long-lasting detrimental effects, such as
metabolic, immune, and neurodevelopmental and behavioural disorders, especially if
taken during childhood (Neuman et al., 2018). Children could also suffer from anxiety
and stress due to being in preschool and separation from the primary caregiver
(Howard et al., 2011; Vermeer & Groeneveld, 2017).

Indirect effects of preschool programmes may be through improvements in
children’s well-being and SES due to higher educational attainment, labour force
participation, and earnings as well as fostering of parental (mainly maternal)

employment and household income.
3.2.3 Institutional Setting

Education system before the reform

Over the 1970s and 1980s, the Spanish education was regulated by the Education
General Act (LGE, 1970). Compulsory schooling comprised ages 6-14 (primary

education) and non-compulsory education covered the preschool (2-5 years old) and
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post-obligatory (over 14) periods*®. Children were grouped in cohorts by year of birth
and the school year spanned from September to June. Students enrolled either in public

or private schools*®.

Preschool was divided into Jardin de la Infancia (ages 2-3) and Escuela de
Parvulos (ages 4-5), which were offered both in public and private centres. Formal
childcare for two- and three-year-olds was limited due to its high price given its private
nature, few places being offered, and parents having little interest in enrolment at these
ages (Calvo Rueda, 1994). Enrolment rates for two- and three-year-olds in 1990/91
were 7% (1.2% in public and 5.8% in private childcare) and 27.9% (10.5% in public
and 17.3% in private childcare), respectively*’. The remaining children under four
stayed with their parents or grandparents (usually mothers or grandmothers), while
informal care (certified caregivers who provide care in their homes) was almost
missing (Felfe et al., 2015)*. These low enrolment rates were accompanied by a
female labour force participation rate as low as 34.3% in 1990 (National Statistics
Institute, 1990). Indeed, employment rates for mothers aged 18-49 fell from 56.8%
after first birth to 33.0% afterwards in Spain (Gutiérrez-Domeénech, 2005). The
reasons behind such low maternal employment rates were the lack of family-friendly
policies and the presence of a male breadwinner model (Adam, 1996; Felfe et al.,
2015).

Full-day preschool enrolment rates at ages four and five were high reaching
94.1% and 100%, respectively. The reasons behind such high rates were that children

closer to the compulsory schooling age of six needed several prerequisites to access

% The minimum legal working age was 14 until 1980 when it was raised up to 16. Del Rey et al. (2018),
Bellés-Obrero, Cabrales, et al. (2021), and Bellés-Obrero, Jiménez-Martin, et al. (2021) analysed the
effect of raising the minimum legal working age in Spain on education, labour, and health outcomes.
46 public schools were owned by the Ministry of Education or other public institutions. Public centres
were free of charge and publicly funded. Private schools were owned by private entities and classified
as escuelas privadas concertadas (semi-private schools), whose funds stemmed from public subsidies
and parents’ payments, and escuelas privadas no concertadas (private schools), completely financed
by parents’ instalments. The escuelas privadas concertadas were first regulated by the Organic Act on
the Right to Education in 1985 (LODE, 1985).

47 The source of data in this section comes from the Spanish Ministry of Education and Vocational
Training (https://www.educacionyfp.gob.es/servicios-al-ciudadano/estadisticas/no-
universitaria/alumnado/matriculado.html).

8 Given that informal care was almost non-existent and 27.9% of three-year-olds were enrolled in
formal out-of-home care, around 70% of three-year-olds were with their parents or grandparents
(usually mothers or grandmothers) in 1990. This percentage is an approximation as data on informal
care are not available for Spain. Similarly, information on maternal and grandmaternal care is not
available and thus it cannot be distinguished whether the LOGSE crowded out maternal care or
grandmaternal care but care provided by the nuclear family (Felfe et al., 2015).
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primary education, more places were available, and the majority was supplied by the
Ministry of Education (Calvo Rueda, 1994). Primary schools also supplied education
at these ages and priority for five- and six-year-old matriculation existed for those
students already enrolled in a specific school. Parents who preferred a specific primary
school were highly encouraged to access it at the age of four since the probability of

being accepted at later ages was much lower (Felfe et al., 2015).

Education system after the reform

The LOGSE was announced in October 1990 (LOGSE, 1990). Preschool continued
being non-mandatory and was divided into a first (ages 0-2) and a second (ages 3-5)
cycle. After 1990, the government regulated the supply of places for three-year-olds,
which started being offered in primary schools, making preschool at three full-time
(from 9am to 5pm), free of charge, and universal (enrolment was by lottery conditional
on requesting admission) (Calvo Rueda, 1994; Felfe et al., 2015; Nollenberger &
Rodriguez-Planas, 2015; van Huizen et al., 2019).

The reform also implied a regulated qualitative improvement in terms of a more
pedagogical curriculum, teachers’ qualification, and class size in the second cycle.
According to the LOGSE, preschool contributed to child’s physical, intellectual,
affective, social, and moral development through experiences, activities, and games*°.
Teachers were to be graduates in pedagogy with a specialisation in preschool for three-
year-olds, which previously was only required to teach four- and five-year-olds (Felfe
et al., 2015). Class size was set up to a maximum of 25 in the second cycle (Mufioz-

Repiso lzaguirre et al., 1992)%051,

The implementation of the LOGSE would extend over ten years, starting with the
preschool component in 1991/92 (Real Decreto, 1991) affecting firstly the cohort born
in 1988. Figure 3.1 plots enrolment rates for three-year-olds from 1987/88 to 2002/03
and shows how total enrolment rates for three-year-olds rose from 27.9% in 1990/91
up to 67.3% in 1996/97 and 94.3% in 2002/03, mainly driven by the large increase in

49 In particular, it led students to 1) be aware of their body and possibilities for action, 2) interact with
others via different ways of expression and communication, 3) observe and explore their natural, family,
and social environment, and 4) gradually acquire autonomy in their usual activities (LOGSE, 1990).

%0 Despite being of high-quality, the programme was not exceptionally expensive and its benefits
outweighed its costs (van Huizen et al., 2019).

%1 The LOGSE implied an expansion of preschool slots for three-year-olds to incentivise take-up and
maternal labour demand, but it did not offer other services, such as home visits, parental support, health
services, etc.
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public enrolment rates from 10.5% to 43.4% and 64.2% for the same years. The
increase in public enrolment might respond to the fact that now parents who wanted
their children to be enrolled in a specific primary school should do so at the age of
three. Instead, private enrolment rates experienced a smoother growth. Nollenberger
& Rodriguez-Planas (2015) and Felfe et al. (2015) estimated that the expansion of
public preschool did not crowd out private preschool, but family care.

Although the reform was national and funds came from the central government, the
LOGSE emphasised that regions were fully in charge of the gradual implementation
of the reform. Figure 3.2 illustrates the geographic distribution of the increase in public
enrolment rates for three-year-olds in p.p. during the initial expansion period
(1990/91-1993/94) across Spanish regions. The initial implementation intensity
differed across regions with some of them achieving higher enrolment rates earlier
than others. Regions with lower initial implementation intensity had less qualified
teachers and tighter classroom space, while other regions implemented preschool
faster thanks to the spillovers coming from a prior wider supply of private centres
(Felfe et al., 2015).

Figure 3.1 Preschool Enrolment Rates for Three-year-olds
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(https://www.educacionyfp.gob.es/servicios-al-ciudadano/estadisticas/no-
universitaria/alumnado/matriculado.html).
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Figure 3.2 Geographic Distribution of the Increase in Public Enrolment Rates for
Three-year-olds in Percentage Points between 1990/91 and 1993/94

Bl (28.67; 48.07]
Bl (23.07; 28.67]
[ (11.01;23.07]
[ [3.866; 11.01]

. EIR
v ﬂ [ Not included in the sample
o ] oL
< d

Note: This map illustrates the geographic distribution of the increase in public enrolment rates for three-
year-olds in percentage points during the initial expansion period (1990/91-1993/94) across the 15
Spanish regions. The Basque Country, Navarre, Ceuta, and Melilla are excluded from the sample of
interest due to different characteristics. The sources of data are the Spanish Ministry of Education and
Vocational ~ Training  (https://www.educacionyfp.gob.es/servicios-al-ciudadano/estadisticas/no-
universitaria/alumnado/matriculado.html) and the National Statistics Institute
(https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736176951&menu=
ultiDatos&idp=1254735572981).

The LOGSE also implied that the minimum school-leaving age increased up to
age 16 and the decision about students’ career track was postponed from age 14 to 16
(Bellés-Obrero & Duchini, 2021). In addition, compulsory schooling was split into
primary (ages 6-12) and secondary (ages 12-16) education. The implementation of the
(new) secondary compulsory component began in 1991/92 and had to reach complete
enrolment rates by 1998/99 for age 14 and 1999/00 for age 15 (Real Decreto, 1991)%2,
Thus, children born in 1984 onwards were equally affected by the compulsory

component (Lacuesta et al., 2020; Robles-Zurita, 2017), but differently by the

preschool component as explained in Figure 3.3.

52 Although both the preschool and compulsory components were implemented in 1991/92, only the
compulsory component implied that enrolment rates had to reach 100% after nine years.
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Figure 3.3 LOGSE and Cohorts of Birth
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Source: Author’s own creation.

Spanish Health System

Before 1986, a Bismarck model was in place in Spain via a Social Security System for
which healthcare could only be accessed by Social Security taxpayers (and their
relatives) or through private services. Since 1986, the National Health System (NHS)
provides healthcare coverage to residents in Spain that is universal, mainly financed
through general taxation and free at the point of use, with the exception of co-
payments for prescribed medicines (Bernal-Delgado et al., 2018; LGS, 1986). The
NHS coexists with civil servants’ and private health insurances (Jiménez-Martin &
Viola, 2016).

Health competences were decentralised and transferred from the central
government to the 17 Spanish regions since the introduction of the constitution in 1978
(Garcia-Armesto et al., 2010). The national Ministry of Health is accountable for basic
health legislation, general coordination of health services, and pharmaceutical policy,
while the regional Departments of Health are responsible for the funding, organisation
and delivery of health services within their territory (Garcia-Armesto et al., 2010). The

transfers took place in 1981 for Catalonia, 1984 for Andalusia, 1988 for the Basque
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Country and the Valencian Community, 1991 for Navarre and Galicia, 1994 for the

Canary Islands, and 2002 for the remaining regions (Costa-Font & Rico, 2006).
3.3 Data

This study analyses data from four main sources. The Spanish National Health Survey,
the Hospital Morbidity Survey, and the Death Registries provide the dependent
variables. The Statistics of Non-tertiary Education report data to measure the treatment
variable. Table C.1 and Table C.2 in Appendix C provide an overview of the

definitions and sources of all variables.
3.3.1 Spanish National Health Survey

The Spanish National Health Survey (SNHS) is a cross-sectional survey conducted by
the Ministry of Health, Consumer Affairs and Social Welfare and the National
Statistics Institute. The survey collects information about the health of the population
residing in Spain. The SNHS randomly chooses households in each Spanish region
and randomly surveys an adult (aged 16 and over) and a child (aged 0-15) within each

household.

I focus on the 2003 and 2006 waves which include information on date of birth.
The initial sample consists of 5,281 individuals born between 1984 and 1991 and aged
11-23. I exclude individuals from the Basque Country and Navarre due to their greater
fiscal and political autonomy since the mid 1970s and their different educational
policy from the remaining regions in Spain, and Ceuta and Melilla owing to their
autonomous city status (excluding 520 observations). | only include individuals with
a Spanish nationality and exclude immigrants (excluding 285 individuals) since it is
unknown whether they were in Spain at the time of the reform®. Finally, 15
observations with missing values are also excluded. The final sample consists of 4,461

individuals.

The dependent variables at the individual level derived from the SNHS fall into
four categories: health status, chronic conditions, consumption of medicines, and

healthcare use. The survey asks individuals to report their health status in the last

%3 Some individuals with a Spanish nationality could have been born abroad. However, information on
country of birth is only available in the SNHS 2006. According to this wave, the percentage of
individuals born in a foreign country between 1984 and 1991 with a Spanish nationality is 1.9%.
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twelve months with five multiple choice answers where 1 denotes “very good health”
and 5 “very bad health”. Health status is a dummy variable equal to one if the
individual replies “good” or “very good”, and zero if “regular”, “bad” or “very bad”.
| also analyse a dummy equal to one if the individual had been diagnosed with a
specific chronic condition, and zero otherwise. The chronic conditions studied are
chronic allergy, asthma, and mental health disorders®. The SNHS asks whether
individuals consume medicines and, therefore, | employ a dummy equal to one if the
individual was medicated in the last two weeks, and zero otherwise. Several variables
related to healthcare use are studied. | focus on a dummy variable equal to one if the
individual visited the general practitioner (GP) or specialist doctor in the last month,
and zero otherwise. | also consider a binary variable equal to one if the individual
stayed at least one night in hospital, and zero otherwise, and a dummy variable equal
to one if the individual visited an emergency service in the last 12 months, and zero

otherwise.
3.3.2 Hospitalisation and Death Registries

The Hospital Morbidity Survey, conducted by the National Statistics Institute,
provides annual census data on all overnight hospitalisations in public, private, and
military hospitals®. The registry collects data on hospital discharges of patients
staying overnight occurring within the reference year, regardless of the date of
admission. The data include patient’s length of stay, date of discharge, main diagnosis,
type of hospital admission (ordinary or emergency), reason for discharge, region of

hospitalisation, date of birth, gender, and region of residence.

Death Registries contain administrative data for all death certificates of
individuals who died in Spain and their sociodemographic characteristics, elaborated

by the National Statistics Institute in collaboration with regional authorities®.

54 Chronic allergy, asthma, mental health disorders, and diabetes are common chronic conditions in
adult and children surveys for 2003 and 2006 waves. | only analyse chronic allergy, asthma, and mental
health disorders since the proportion of individuals with diabetes is very low (0.5%).

% The coverage of the registry is extensive; for instance, the proportion of hospitals and patients
included sums up to 96% and 99%, respectively (Borra et al., 2021). Although considering private and
military hospitals apart from public hospitals, the registry only includes overnight stays and excludes
day-cases.

% Death certificates are completed by the doctor who certifies the death relating it to personal data and
cause, the Civil Register which fills data related to the registration, and the declarant who gives data
related to deceased’s sociodemographic and socioeconomic characteristics. The certificate is completed
by the court for deaths occurring in special circumstances and whenever a court intervenes.
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This study focuses on hospitalisations and deaths for individuals born in 1984-
1991 occurring between 1999 and 2018 which sum up to 3,988,638 and 24,698 events,
respectively, as dependent variables at the region level. The sample is restricted to
hospitalisations (deaths) of individuals residing (born) in Spain and turning 15-27 in
the year of hospital discharge (death)®’. Following Bellés-Obrero, Jiménez-Martin, et
al. (2021), I compute hospitalisations (deaths) by collapsing hospital discharges
(deaths) by individuals’ year of birth, region of residence (birth), and year of discharge
(death). The unit of observation is defined as the number of events in each year of
birth, region of residence or birth, and year of hospital discharge or death. Again, |
exclude the Basque Country, Navarre, Ceuta, and Melilla. The final samples count on
2,323,616 hospital discharges and 13,108 deaths obtaining 1,560 (=8x%15%13)
observations. | then divide the number of hospitalisations (deaths) in each observation
by the number of individuals born in each region and year (1984-1991) from Birth
Registries published by the National Statistics Institute and multiply the resulting
value by 100 (10,000).

3.3.3 Statistics for Non-tertiary Education

The Spanish Ministry of Education and VVocational Training together with the regional
Departments of Education publish information related to student enrolment in the
Statistics of Non-tertiary Education, which include data on preschool, primary,
secondary, special (i.e., visual arts and design, music, dance, dramatic arts, languages,
and sports), and adult education. |1 employ enrolment rates for three-year-olds by
region and type of school (public or private) for 1987/88-2002/03 to compute the
treatment variable (see Section 3.4), which is defined as the difference in p.p. between

public enrolment rates for three-year-olds by region in 1990/91 and 1993/94.

For the period before 1991/92, enrolment rates are unavailable. Instead, the
Ministry of Education and Vocational Training reports enrolment by group of age (2-
3 and 4-5 years), region, and type of school. National enrolment rates for two-year-

olds were much lower than that for children aged three (see Figure C.1 in Appendix

57 Death registries exclude individuals born abroad and consider region of birth. Instead, hospital
discharges include individuals living in Spain regardless of their country of birth who could and could
not be affected by the reform depending on their date of arrival. Then, the estimated result is a lower
bound of the effect of the reform on hospitalisations capturing also any spillover effects on immigrants
arriving after the reform.
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C). For instance, public enrolment rates for children aged two were 1.2%, while for
children aged three were 10.5% in 1990/91. In fact, national public enrolment rates
for children aged two did not exceed 1.5% in 1987/88-1991/92. Therefore, | divide
enrolment for individuals aged 2-3 years by region and type of school over regional
population for three-year-olds (from the National Statistics Institute) to approximate
regional enrolment rates for children aged three for the period from 1987/88 to
1990/91.

Data on enrolment rates for three-year-olds by region are publicly available from
1991/92 onwards, however they are not disaggregated by type of school. The absolute
number of students enrolled by age, region, and type of school from 1992/93 to
2002/03 was received by the Ministry of Education and Vocational Training.
Enrolment by group of age (0-3 and 4-5 years), region, and type of school is published
for 1991/92. National enrolment rates were 0.4% and 1.9%, public enrolment rates
were 0.1% and 0.5%, and private enrolment rates were 0.3% and 1.3% for zero- and
one-year-olds in 1991/92, respectively. Then, | use enrolment for 0-3-year-olds by
region and type of school to proxy enrolment for children aged three in 1991/92. Then,
I multiply total enrolment rates by the proportion of students enrolled in public and
private centres to split them into public and private rates, respectively. Finally, | also
compute a linear interpolation for the VValencian Community due to missing enrolment
data from 1989/90 to 1991/92.

3.3.4 Control Variables

| employ several time-invariant control variables measured at the individual level
using the Spanish National Health Survey for 2003 and 2006. Gender is a dummy
equal to one for women, and zero for men. | add month of birth fixed effects and a
dummy variable equal to one if the individual was surveyed in 2006, and zero if in
2003.

Several pre-reform control variables measured at the region level are also
included. First, 1 add macro and demographic variables reported by the National
Statistics Institute. GDP per capita is defined as the ratio of GDP in current prices, in
euros and in 1990 (the base year is 1986) over total population in 1990. I include the
average of quarterly total unemployment and female labour participation rates derived

from the Spanish Labour Force Survey in 1990. | also use the proportion of men and
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women older than 25 with tertiary education from the 1991 Census and the population
in thousands in 1990.

Second, | control for pre-reform regional preschool coverage and endowments in
1990/91. Regions with higher coverage rates and more preschool endowments right
before the implementation of the reform could have expanded more intensively.
Preschool coverage is proxied by public enrolment rates for three-year-olds as defined
in Section 3.3.3%. I consider preschool centres as endowments and include the number
of preschool and primary centres per 100,000 individuals. Data on preschool and
primary centres are added as both types of centres supplied places for three-year-olds
from 1991/92. These variables are published by the Spanish Ministry of Education

and Vocational Training.

Finally, left-wing regional governments could have accepted more easily policies
introduced by the left-wing national government (Partido Socialista Obrero Espafiol,
PSOE) in 1990. Therefore, | use a dummy variable equal to one if the regional
president in 1990 belonged to a left-wing party, and zero if belonged to a right-wing

or centrist party.
3.4 Methods

To estimate the causal effect of the Spanish universal preschool programme on
children’s long-term health, | exploit the timing and geographic variation of the

expansion of public preschool education for three-year-olds in 1991/92.

Children’s exposure to the LOGSE programme is determined both by year of
birth and region of residence. The reform was announced in 1990/91, but the LOGSE
preschool component started in 1991/92. All children born from 1988 onwards were
aged three in 1991 or after and benefited from the programme, while children born in
1987 or earlier were three before 1991 and did not benefit from the policy (Figure 3.3,
Panel A). In this study, the cohorts compared are individuals born in 1988-1991 and

58 public enrolment rates in 1990/91 interacted with cohort dummies have to be included in the models
according to the derivation in Appendix C.1.
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thus affected by the reform (post-reform cohorts), and children born in 1984-1987 and

thus unaffected (pre-reform cohorts)®°.

The LOGSE affected all regions, however the initial implementation intensity
induced by the policy varied across regions. Some regions rapidly expanded public
preschool for three-year-olds facing a greater exposure to the policy than other regions
that had a less pronounced increase immediately after the reform. Instead of analysing
the introduction of a childcare programme as Baker et al. (2019) and Haeck et al.
(2018), this study evaluates differences in the initial implementation intensity of a

preschool programme (Felfe et al., 2015).

To capture the initial intensity level, | partially follow the strategy of Havnes &
Mogstad (2011a) and Felfe et al. (2015) and consider the p.p. difference (increase) in
three-year-old public preschool enrolment rates by region in the initial expansion
period from 1990/91 to 1993/94 as the treatment variable. I rely on a continuous
treatment variable which measures the varying levels of initial intensity of the
programme and exploits a differing “treatment intensity” across regions (Angrist &
Pischke, 2009)°61 The advantages of employing a continuous treatment over
dichotomisation are several including no need to rely on assumptions to define
treatment and control groups that might be arbitrary, no information loss, and no
categorisation of similar groups at opposite sides of the cut-off point (Altman &
Royston, 2006).

Recent literature outlined issues related to DiD with staggered implementation
using two-way fixed effects and developed new estimators to overcome the problems
associated with this strategy (Callaway & Sant’Anna, 2021; de Chaisemartin &
D’Haultfeeuille, 2020; Goodman-Bacon, 2021). However, the identification strategy

followed in this investigation does not rely on a staggered DiD since | do not analyse

5 Previous studies also exploited the variation across cohorts of births instead of time in their DiD
analyses (e.g. Bellés-Obrero, Jiménez-Martin, et al., 2021; Duflo, 2001; Hoynes et al., 2016; Pischke,
2007).

% Havnes & Mogstad (2011a) and Felfe et al. (2015) ordered regions in a descending way by their
increase in preschool enrolment rates in the initial expansion period. To define which regions belong
to the treatment and control group, the authors split the list of regions at the median, i.e. treatment
regions had an increase above the median and control regions reported an increase below the median.
Notice that if the treatment was dichotomised, the DiD would be in its canonical form (two groups, two
periods).

61 Several studies employed a continuous treatment variable to capture the intensity of a policy rather
than its introduction in their DiD analyses (e.g. Adhvaryu et al., 2020; Longo et al., 2019; Rosales-
Rueda, 2018).
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the introduction of a programme with variation in treatment timing across regions, but
the varying levels of the initial implementation intensity of a programme that was
introduced at the same time (i.e. 1991/92) in all regions®?. Recent work also
emphasises that DiD with a continuous treatment measure needs an additional
assumption to be identified, i.e. the “strong” parallel trends assumption (Callaway et
al., 2021). This assumption states that regions with a lower treatment intensity are a
good counterfactual for those with a higher treatment intensity if the evolution of
health outcomes at the lower treatment intensity would have been the same. Although
this assumption is not testable, | test the plausibility of the parallel trends assumption

for DiD with continuous treatment below.

Survey data are used to study long-term health outcomes at the individual level.

The DiD regression estimated by Ordinary Least Squares (OLS)® is defined as:

Yirew = @g + a1 APreschool, X Post, + Xjoty + Z,.as + v, + 0. + w,, + Eirew (3.1)

where yirew IS @ health outcome of individual i residing in region r, born in cohort c,
and surveyed in wave w. APreschoolr is a continuous variable measuring the p.p.
regional increase in public enrolment rates for three-year-olds between 1990/91 and
1993/94. Postc is a dummy equal to one for cohorts affected by the policy (1988-1991)
and aged three in 1991 or after, and zero for those unaffected (1984-1987) and aged
three before 1991.

Xi is a vector of time-invariant individual characteristics (gender and month of
birth). yr are region fixed effects which control for time-invariant regional factors such
as pre-reform characteristics that could have predisposed regions to expand public
preschool faster or slower. In addition, | also include a set of pre-reform regional

variables® (Zrc) measured in 1990 interacted with cohort dummies to capture pre-

52 This new literature described that the treatment parameter estimated when applying two-way fixed
effects is a weighted sum of the average treatment effects in each group and time. Despite summing to
one, weights can be negative if groups switch off and on of being treated across periods (as in a
staggered implementation). If treatment effects are heterogeneous across groups and periods, groups
treated earlier are weighted more which could imply that the parameter estimated ends up negative
despite all average treatment effects being positive.

8 1 apply a linear probability model to estimate equation (3.1). Probit and logit models are employed
as robustness checks for binary outcomes in Table C.8 in Appendix C.

6 Namely GDP per capita, unemployment rate, female labour participation rate, proportion of
population with tertiary education, population in thousands, public enrolment rate for three-year-olds,
number of centres per 100,000 individuals, and a dummy capturing if the regional president belonged
to a left-wing party.
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reform regional characteristics that could have predisposed regions towards a more or
less intense expansion and a different effect on health outcomes across pre- and post-
reform cohorts. Other time-variant individual or regional variables are excluded due
to being potentially affected by the policy causing the bad control problem (Angrist
& Pischke, 2009). nc are cohort fixed effects controlling for time-invariant features of
individuals born in the same year and ww Is a survey-wave fixed effect capturing
factors common to all children surveyed in a specific wave (e.g. characteristics of the
Spanish economy at the wave in which individuals were surveyed). Finally, €ircw is the

error term.

Other outcomes (hospitalisations and deaths) are measured in each region from

administrative sources. The DiD model estimated by OLS is:
event,.. = Py + BiAPreschool, X Post, + Z,.By + 8, + Q.+ A, + &t (3.2)

where eventr IS hospitalisations/deaths per 100/10,000 individuals in year t (1999-
2018) of individuals residing/born in region r and cohort c. APreschoolr, Postc and Zrc
are defined as in equation (3.1). &r are region fixed effects to control for common
factors of all children in a specific region and capture pre-reform regional features. ¢
are cohort fixed effects to control for time-invariant characteristics of all individuals
born in the same cohort. The time fixed effects, A, capture any unobserved factor
common to all hospital discharges or deaths occurring in a specific year. &rct is the

error term®°.

a1 and B1 are the coefficients of interest and measure the effect of increasing the
regional initial implementation intensity faced by post-reform cohorts by 1p.p. on
long-term health. These also comprise an intention-to-treat (ITT) effect, which
informs about the full effect of the policy regardless of whether a child was enrolled

in public preschool at the age of three.

The impacts of an expansion of the supply of public preschool places depend on
the counterfactual mode of care that would have been in place in absence of the
programme. Felfe et al. (2015) estimated that the increase in public enrolment rates

for three-year-olds stimulated public preschool care, did not crowd out private formal

8 Equations (3.1) and (3.2) implicitly assume that pre-reform cohorts were exposed to public enrolment
rates for three-year-olds in 1990/91, while post-reform cohorts to those in 1993/94. See Appendix C.1
for a derivation.
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nor informal care, and implied a modest boost of maternal employment®. Therefore,
the results should be understood as the effect of formal public preschool care that
crowds out mainly family care on long-term health. This effect might be explained by
supplying more public preschool places, attending high-quality public preschool,
improving children’s educational attainment, and by an income shock derived from

small rises in maternal employment.

I cluster standard errors by region since the treatment varies at the region level,
but I compute wild-bootstrapped clustered standard errors with 9,999 repetitions due
to few clusters (Cameron et al., 2008). Given the large number of outcomes, | also
report adjusted p-values (known as g-values) for multiple hypotheses testing
following Benjamini & Hochberg (1995) and Anderson (2008) to control for the false

discovery rate (i.e. the expected proportion of rejections that are type | errors)®’.

There are three underlying assumptions behind the identification strategy of
equations (3.1) and (3.2). First, the expansion of public preschool places should imply
an increase in take-up of childcare for three-year-olds. Although a measure for
preschool slots is not available, 1 plot the estimates of equation (3.2) using a set of
interactions between the treatment variable (APreschoolr) and cohort dummies (1984-
1991) as the explanatory variables and public enrolment rates at the regional level as
the dependent variable in Figure 3.4. Figure 3.4 shows that the programme did not
affect public enrolment rates for the cohorts unaffected by the LOGSE (i.e. born in
1984-1987), but incentivised take-up of preschool by rising public enrolment rates for
three-year-olds for the cohorts affected by the LOGSE (i.e. born in 1988-1991).

Second, long-term health outcomes across regions should have evolved in parallel
in absence of the reform. If regional trends were not parallel, the estimates could be
capturing differences in trends rather than the effect of the LOGSE. To check the
plausibility of the parallel trends assumption, | test whether long-term health outcomes
across pre-reform cohorts were not affected by the regional initial implementation
intensity induced by the LOGSE. If so, long-term health outcomes might have

% See Panel A of Table 4 and pages 408-409 in Felfe et al. (2015) for more information. | also compute
the effect of the LOGSE on public and private enrolment rates in Table C.3 in Appendix C and find
similar conclusions, i.e. a greater initial intensity in public preschool expansion increases public
enrolment rates and has no effect on private enrolment rates.

87 This method has greater power and reduces the penalty to testing additional hypotheses compared to
familywise error rate controlling methods such as the Bonferroni correction (Anderson, 2008;
Benjamini & Hochberg, 1995).
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followed similar trends across regions before the LOGSE was introduced. To do so, |
substitute APreschoolrxPostc in equations (3.1) and (3.2) by a set of interactions
between the treatment variable (APreschoolr) and pre-reform cohort dummies (cohorts
born in 1984-1987) in Figure 3.5 (see Section 3.3 for information on the data). The
coefficients of these interactions capture the effect of the regional initial
implementation intensity induced by the policy on long-term health outcomes for
children aged three before the reform. The parallel trends assumption holds if these
coefficients are not statistically significant (i.e. there is no effect for pre-reform
cohorts). | choose the cohort of 1984 as the baseline category to test whether there is
an effect on the health of those cohorts still in preschool in 1991/92, born in 1986 and
1987. Moreover, this allows to test whether there is an anticipatory effect since the
reform was announced in 1990 but not implemented until 1991/92. Figure 3.5 reports
the coefficients of these interactions with their 95% confidence intervals and shows
that almost all estimates of the pre-reform cohort interactions are statistically
insignificant (i.e. the parallel trends assumption holds) and no anticipatory effect is

found.

Figure 3.4 Effect of the LOGSE on Public Enrolment Rates by Cohort of Birth

Public Enrolment Rates for Three-year-olds
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Note: This graph plots the coefficients of the interactions between APreschool; and cohort of birth
dummies, and their 95% confidence intervals for regional public enrolment rates for three-year-olds
from estimating equation (3.2). The sample contains cohorts born in 1984-1991. The dashed line splits
the cohorts of birth into the pre-reform (left) and post-reform (right) cohorts. The pre-reform cohorts
were born in 1984-1987 and the post-reform cohorts in 1988-1991. Cohort born in 1984 is the baseline
category. Regional public enrolment rates are measured in the year when the cohorts were aged three
(1987-1994). Regional public enrolment rates, treatment variable and controls are defined in Section
3.3. Confidence intervals are estimated by wild-bootstrap cluster method with 9,999 repetitions.
Observations =120. Point estimates are available upon request.
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Figure 3.5 Parallel Trends Assumption for Health Outcomes by
Cohort of Birth
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Note: These graphs plot the coefficients of the interactions between APreschool, and pre-reform cohort
of birth dummies, and their 95% confidence intervals for all dependent variables. The sample contains
cohorts born in 1984-1987. Cohort born in 1984 is the baseline category. Estimations on health status,
all chronic conditions, consumption of medicines, and healthcare use are based on equation (3.1) and
on hospitalisations per 100 individuals and deaths per 10,000 individuals on equation (3.2). Estimations
using health outcomes at the individual level are weighted using individual weights reported in the
Spanish National Health Survey in 2003 and 2006. Health outcomes, treatment variable, and controls
are defined in Section 3.3. Confidence intervals are estimated by wild-bootstrap cluster method with
9,999 repetitions. Observations for health outcomes at the individual level = 1,531. Observations for
health outcomes at the region level = 780. Point estimates are available upon request.

Although region fixed effects and pre-reform regional variables already control
for pre-reform regional differences in levels, | also study whether regional
characteristics, which could have affected the public preschool expansion and health
outcomes, would have evolved parallelly in absence of the reform. To check this, I re-
do the exercise on the plausibility of the parallel trends assumption using regional
variables as dependent variables in Figure C.2 in Appendix C. Overall, almost all
coefficients of the pre-reform cohort interactions are statistically insignificant (except
for population in thousands) implying that regions followed similar trends before the

policy was implemented®.

A threat to identification is the presence of contemporaneous reforms/changes
that varied across regions and were potentially correlated with the public preschool
expansion. Most reforms in the 1980s and early 1990s were implemented at the
national level and thus controlled by cohort fixed effects. However, the compulsory

component of the LOGSE started in 1991/92 and could also impact individual’s

8 Exposure to the LOGSE should not capture changes in characteristics of individuals living/born in
regions with higher implementation intensity. I also employ equation (3.1) to estimate DiD coefficients
of observable factors of the three samples analysed (see Section 3.3) on exposure to the LOGSE in
Table C.4 in Appendix C. The results show that these estimates are not statistically different from zero
at any conventional level, thus concluding that exposure to the LOGSE does not capture changes in
characteristics of individuals living/born in regions with higher implementation intensity, at least in
terms of observable factors.
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health. To address this, | restrict the sample window to those cohorts born between
1984 and 1991 who were equally affected by the compulsory component (see Figure
3.3)%. There are three policies that could invalidate the identification strategy: the
LOGSE’s qualitative improvement of preschool, the gradual transfer of competences
from the central government to the regional governments starting in the 1980s, and
the abortion legalisation in 1985. | show that these three policies do not bias the results

in Section 3.6.

Third, equations (3.1) and (3.2) implicitly assume that individual’s region of
residence and birth are the same as the region when they turned three. However, some
families may decide to move across regions, thus biasing the estimates. Several studies
showed that migration across and within regions in Spain is low (Bentolila, 2001; Felfe
et al., 2015; Jimeno & Bentolila, 1998; Nollenberger & Rodriguez-Planas, 2015).
Using the Spanish Labour Force Survey from 1999 to 2018, | estimate a small
probability of living in a region that differs from the region of birth (5.9%) at ages 10-
2970, Using these data, | estimate the association between the treatment variable and
the probability of living in a region that differs from the region of birth in Table C.5
in Appendix C and find that association coefficients are close to zero’. Consequently,

selective migration is unlikely to imply a severe bias.
3.5 Results

3.5.1 Descriptive Statistics

Table 3.1 shows the summary statistics for dependent (Panel A) and control (Panel B)
variables. Regarding health outcomes, 89.2% of the individuals in the sample reply to

have had “good” or “very good” health in the last twelve months. In particular, 15.2%

8 Bellés-Obrero & Duchini (2021) analysed the effect of the compulsory component of the LOGSE on
education and labour outcomes. They used individuals born in 1977-1985 as the affected cohorts and
showed that enrolment rates at age 14 first reached 100% for the cohort born in 1985. Although the bias
might be low, the cohort born in 1984 had enrolment rates at age 14 around 95% which could confound
the results. The coefficients are fairly robust to the main results when excluding the cohort born in 1984
and are available upon request.

0 This probability excludes the Basque Country, Navarre, Ceuta, and Melilla. The probability including
them rises to 6.5%. The Spanish Labour Force Survey reports data on age in quinquennial groups. | use
the age groups of 10-15, 16-19, 20-24, and 25-29 which are the closest to the individuals of the sample
(aged 11-27) and whose probability of living in a region that differs from the region of birth is 3.6%,
4.5%, 5.9%, and 9%, respectively.

" Table C.4 in Appendix C also shows that the probability of living in a region different from the region
of birth is not affected by the policy, at least for the sample of deaths (last row).
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Table 3.1 Descriptive Statistics

Obs. Mean Std. Dev. Min. Max.
Panel A: Health outcomes
Spanish National Health Survey (2003 & 2006): Health outcomes at the individual level

Health status (=1 if good or very good) 4,461 0.892 0.310 0 1
Chronic allergy (=1 if diagnosed) 4,461 0.152 0.359 0 1
Asthma (=1 if diagnosed) 4,461 0.066 0.249 0 1
Mental health disorders (=1 if diagnosed) 4,461 0.022 0.146 0 1
Medicines (=1 if taken medicines in last two weeks) 4,461 0.405 0.491 0 1
Doctor visits (=1 if visited in last month) 4,461 0.343 0.475 0 1
Hospital visits (=1 if stayed in hospital in last year) 4,461 0.041 0.197 0 1
Emergency service visits (=1 if visited in last year) 4,461 0.321 0.467 0 1
Hospitalisation and Death Registries (1999-2018): Health outcomes at the region level
Hospitalisations per 100 individuals 1,560 5.634 1.992 0.345 12.80
Deaths per 10,000 individuals 1,560 3.204 1.855 0 17.26
Panel B: Control variables
Control variables at the individual level
Gender (=1 if female) 4,461 0.485 0.500 0 1
Month of birth: January 4,461 0.081 0.273 0 1
Month of birth: February 4,461 0.076 0.265 0 1
Month of birth: March 4,461 0.078 0.269 0 1
Month of birth: April 4,461 0.092 0.289 0 1
Month of birth: May 4,461 0.094 0.291 0 1
Month of birth: June 4,461 0.078 0.269 0 1
Month of birth: July 4,461 0.079 0.270 0 1
Month of birth: August 4,461 0.088 0.283 0 1
Month of birth: September 4,461 0.081 0.273 0 1
Month of birth: October 4,461 0.084 0.278 0 1
Month of birth: November 4,461 0.082 0.274 0 1
Month of birth: December 4,461 0.087 0.282 0 1
Year of survey (=1 if 2006) 4,461 0.455 0.498 0 1
Pre-reform regional characteristics
GDP per capita (in €) 15 6,007 1,155 4,138 7,885
Unemployment rate (%) 15 15.45 5.332 8.330 25.53
Female labour participation rate (%) 15 33.80 3.997 26.61 40.38
Proportion of women population with tertiary education (%) 15 6.951 1.417 4855 10.81
Proportion of men population with tertiary education (%) 15 9.032 2.554 5902 17.22
Population (in thousands) 15 2,409 2,102 263.4 6,937
Public enrolment rate for three-year-olds (%) 15 11.95 8.26 1.980 29.88
Preschool and primary centres per 100,000 individuals 15 59.46 13.66 34.90 87.82
Regional president (=1 if belonged to left-wing party) 15 0.533 0.516 0 1

Note: Data for health outcomes are drawn from the Spanish National Health Survey (2003 & 2006), Hospital
Morbidity Survey (1999-2018), and Death Registries (1999-2018). Data for control variables at individual level
are drawn from the Spanish National Health Survey (2003 & 2006). Health outcomes and control variables at the
individual level are weighted using individual weights reported in the Spanish National Health Survey in 2003 and
2006. Details and sources of pre-reform regional variables are explained in Table C.2 in Appendix C. Pre-reform
regional characteristics are snapshots and their descriptive statistics are computed for the 15 Spanish regions
considered. Obs = observations, Std. Dev. = standard deviation, Min. = minimum, Max = maximum.
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of the sample had been diagnosed with chronic allergy, 6.6% with asthma, and 2.2%
with a mental health disorder. Also, 40.5% took a medicine in the last two weeks.
Concerning healthcare use, 34.3% visited the doctor in the last month, 4.1% stayed
overnight in hospital and 32.1% attended an emergency service in the last year.
Hospitalisations per 100 individuals were 5.6 and deaths per 10,000 individuals were
3.2.

The control variables at the individual level are presented in Panel B of Table 3.1,
which shows that 48.5% were women, 45.5% were surveyed in 2006, and individuals
were born uniformly across the year in the SNHS sample. Panel B also presents the
descriptive statistics for pre-reform regional characteristics, which are snapshots of
1990 and are computed for the 15 Spanish regions. The GDP per capita was €6,007,
unemployment rate was 15.5%, and female labour participation rate was 33.8% in
1990 on average. 7% of women and 9% of men aged 25 or older had tertiary education
in the 1991 Census. The average population in thousands was 2,409. Public enrolment
rate for three-year-olds was 12% and there were 59.5 preschool and primary centres
per 100,000 individuals in 1990/91. Finally, 53.3% of the regional presidents belonged
to a left-wing party in 1990.

Table 3.2 ranks Spanish regions according to their increase in public enrolment
rates (treatment variable) for three-year-olds over the expansion period. The mean is
22.1p.p. and the median is 23.1p.p. corresponding to Castilla-La Mancha. Galicia,
Catalonia, and Asturias experienced the largest increase with 48.1p.p., 42.6p.p., and
32.5p.p., respectively. Instead, Andalusia, the Canary Islands, and the Region of
Murcia had the lowest rise with 5.6p.p., 4.1p.p., and 3.9p.p., respectively.

105



Table 3.2 Increase in Public Enrolment Rates for Three-year-olds
in Percentage Points between 1990/91 and 1993/94

Increase in Public Preschool

Region Enrolment Rates in Percentage Points

Galicia 48.07
Catalonia 42.63
Asturias 32.53
La Rioja 28.76
Castillay Leon 28.58
Cantabria 26.29
Community of Madrid 23.98
Castilla-La Mancha 23.07
Extremadura 20.68
Aragon 19.39
Balearic Islands 13.58
Valencian Community 11.01
Andalusia 5.552
Canary Islands 4.098
Region of Murcia 3.866
Regions = 15

Mean = 22.14

Median = 23.07

Standard deviation = 13.22

Note: Data are drawn from the Statistics of Non-tertiary Education (1987/88-2002/03)
published by the Spanish Ministry of Education and VVocational Training and the National
Statistics Institute. The treatment variable captures the percentage point increase in public
preschool enrolment rates for three-year-olds from 1990/91 to 1993/94 for 15 regions.

3.5.2 Main Results

Table 3.3 presents the main results for equations (3.1) and (3.2). The causal effect of
interest corresponds to the estimate in the first row together with standard errors
clustered at region level in parentheses, p-values for wild-bootstrapped clustered
standard errors in squared brackets, and adjusted p-values for multiple hypotheses
testing in curly brackets’2. For the sake of brevity, I mainly focus on explaining the
estimates that are statistically significant at least when employing wild-bootstrapped

clustered standard errors.

Overall, Table 3.3 shows that the LOGSE was not successful in improving long-

term health, except for some outcomes. Concerning health at the individual level, a

2 Table C.6 in Appendix C reports the estimates of equations (3.1) and (3.2) without including control
variables and shows that the results are fairly similar to Table 3.3, but less precisely estimated.
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greater initial intensity in public preschool expansion decreases the probability of
being diagnosed with asthma and increases the likelihood of staying in hospital
overnight for children aged three post-policy. Only the result for asthma survives once
allowing for multiple hypotheses testing. Intensifying the initial increase in public
enrolment rates by 10p.p decreases the probability of being diagnosed with asthma for
children aged three post-policy by 2.1p.p. (or 30.4% relative to pre-reform mean of
6.9%, equivalent to 0.1 (=0.021/0.253) pre-reform standard deviations in asthma
outcome). Despite pointing to better health, the effects of the reform on the probability
of having “good” or “very good” health status in the last year, being diagnosed with
chronic allergy and mental health disorders, and consuming medicines in the last two
weeks are not statistically significant. The reform does not affect the likelihood of
visiting the doctor in the last month nor attending an emergency service in the last 12

months, but the coefficients are positive.

Table 3.3 shows that hospitalisations per 100 individuals (unexpectedly) increase
by 0.151 more hospital discharges or 2.7% (relative to pre-reform mean of 5.658,
equivalent to 0.1 (=0.151/2.259) pre-reform standard deviations in hospitalisations)
for children aged three post-policy after intensifying the initial increase in public
enrolment rates by 10p.p.”®. The precision of this estimate is robust to multiple

hypotheses testing. Finally, the reform does not affect deaths per 10,000 individuals.

Table 3.3 reports the ITT effect of the LOGSE on long-term health outcomes.
The ITT effect captures the full effect of the policy on all children regardless of the
mode of care that children were enrolled in at the age of three and including any peer
externalities (Baker et al., 2008). The ITT effect is then smaller than the actual
treatment effect on the treated (TT) as the former estimates the causal effect of offering
rather than taking the treatment (Angrist & Pischke, 2009). From the 1.6 million
children born between 1988 and 1991, a total of 428,401 children were enrolled in
public preschool at the age of three in 1991/92-1994/95 and thus were actually affected
by the LOGSE’. The TT can be calculated by dividing the ITT effect over the

probability of treatment, which is defined as the difference between post-policy public

8 An increase of 2.7% in hospitalisations rates is equivalent to 33,136 more hospitalisations given the
number of 1,227,260 hospitalisations for pre-reform cohorts between 1999 and 2018.

4 Data on children born between 1988 and 1991 are available from Birth Registries and on children
enrolled in public preschool at the age of three between 1991/92 and 1994/95 are retrieved from the
Statistics of Non-tertiary Education (see Section 3.3).
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enrolment rates in the treatment and control groups (Havnes & Mogstad, 2011a).
Given that the empirical strategy employed in this study does not account for treatment
and control groups, | define the probability of treatment as the average p.p. increase
in regional public enrolment rates for three-year-olds between 1990/91 and 1993/94
(equal to 0.221 as shown in Table 3.2). Then, intensifying the initial increase in public
enrolment rates by 10p.p decreases the probability of being diagnosed with asthma by
9.5p.p. (=0.021/0.221) and increases hospitalisation rates by 0.683 more hospital
discharges (=0.151/0.221) or 12.1% (relative to a pre-reform mean of 5.658) for
children aged three post-policy.

Children aged three post-policy residing in regions that faced a greater exposure
to the programme have a lower prevalence of asthma. This result can be explained
through two channels. First, environmental factors surrounding children could affect
their predisposition to have certain diseases (Gilles et al., 2018). For instance, children
in preschool might be exposed to more infectious agents (e.g. bacteria, viruses)
affecting negatively their health during childhood, but improving immunisation and
protecting them from future diseases (hygiene hypothesis, (Strachan, 1989, 2000)).
Another example is that there is evidence showing that air pollution is positively
correlated with the development of asthma (Royal College of Physicians, 2016). If
children residing in areas with poor air quality have the opportunity to attend preschool
(probably with cleaner environment), their probability of having asthma might reduce.
Second, chronic conditions such as asthma could be detected by teachers more easily

if children attended preschool and thus treated early in life (Breivik et al., 2020).

Children affected more intensively by the reform have higher hospitalisation
rates. This result together with, despite insignificant, the positive coefficients on the
probability of visiting the doctor and attending a hospital or an emergency service
(when using survey data) might imply a greater use of healthcare services. This fact
could be explained by 1) individuals might have changed their health seeking
behaviour towards a higher utilisation of healthcare services, and/or 2) the reform may
have worsened their health. Although not all statistically significant, the coefficients
on the remaining health outcomes of the SNHS having the expected sign (improving
health) point to the first explanation. There is evidence suggesting that patients with
higher socioeconomic backgrounds use specialist healthcare services more than
patient with lower SES (van Doorslaer et al., 2004). The fact that children affected by
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Table 3.3 Main Results

. Mental . Emergency Hospitalisations Deaths per
;Ifailjz CATI';OrmC Asthma Health Medicines [\);)ig}g H\c}?Spi![tsal Service per 100 10,000
9y Disorders Visits Individuals Individuals
0.0002 -0.0012 -0.0021 -0.0006 -0.0019 0.0011 0.0013 0.0023 0.0151 0.0035
ITT (0.0004) (0.0010)  (0.0005)***  (0.0004) (0.0009)*  (0.0011) (0.0003)*** (0.0009)**  (0.0018)*** (0.0058)
[0.8074] [0.5909] [0.0158]**  [0.4904] [0.1595] [0.7196] [0.0675]* [0.2959] [0.0108]** [0.7431]
{0.8080}  {0.8080} {0.0800}*  {0.8080}  {0.3990} {0.8080}  {0.2260} {0.5920} {0.0800}* {0.8080}
Region FE v v v v v v v v v v
Cohort FE v v v v v v v v v v
Ind. controls v v v v v v v v v v
Regional controls v v v v v v v v v v
Observations 4,461 4,461 4,461 4,461 4,461 4,461 4,461 4,461 1,560 1,560
Pre-reform mean 0.878 0.152 0.069 0.029 0.451 0.347 0.048 0.329 5.658 3.554

Note: Estimations are based on OLS on equations (3.1) and (3.2). Estimations using health outcomes at the individual level are weighted using individual weights
reported in the Spanish National Health Survey in 2003 and 2006. Health outcomes, treatment variable, and controls are defined in Section 3.3. The first row
presents the intention-to-treat (ITT) effects and their corresponding standard errors and p-values. Standard errors clustered at region level are in parentheses, p-
values for wild-bootstrapped clustered standard errors with 9,999 repetitions are in squared brackets, and p-values correcting for multiple hypotheses testing are
in curly brackets. Control coefficients are not reported. The last two rows report the number of observations and the mean of health outcomes for pre-reform
cohorts. Parameters statistically significant at 1% (***), 5% (**), and 10% (*) levels are reported next to the standard error or p-value.



the LOGSE have better cognitive skills and their mothers joined the labour force might
have made them to be in a higher socioeconomic level explaining then the increase in
healthcare use (Felfe et al., 2015; Nollenberger & Rodriguez-Planas, 2015).

The absence of an effect on self-reported health status is in line with the lack of
effect estimated by Haeck et al. (2018) for Canada, but in contrast to the persistent
negative impact by Baker et al. (2019) for that same country. Haeck et al. (2018) found
a decrease in mental health problems at ages 15-19, while I do not find any effect on
mental health disorders similarly to Baker et al. (2019). Haeck et al. (2018) reported
no effect on having an asthma attack in the past 12 months at ages 12-19 as opposed
to the findings of the LOGSE decreasing the likelihood of being diagnosed with
asthma at ages 11-23. The finding of a 2.7% rise in hospitalisation rates is in line with
the 3% increase in secondary healthcare use for physical-related health due to the
Norwegian universal childcare programme, but in contrast to the decrease in primary

and secondary healthcare use for mental health (Breivik et al., 2020).
3.6 Robustness Checks

This section reports alternative specifications testing the robustness of the results.
Table 3.4 shows two falsification tests and Table 3.5 presents a set of sensitivity
analyses in Columns 2-9. Any additional control variable used to test the robustness
of the results is explained in Table C.2 and Table C.7 in Appendix C. Overall, the

results are fairly robust across these specifications™.
3.6.1 Falsification Test

Pre-reform cohorts were not affected by the programme, which implies that the
LOGSE should not have impacted their long-term health independently of the region
of residence/birth. | perform two falsification tests considering only the pre-reform
cohorts of 1984-1987 in Table 3.4. Table 3.4 reports the estimates of the causal effect

s Additional robustness checks can be found in Table C.8 and Appendix C.2.
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Table 3.4 Falsification Tests

Mental Emergency Hospitalisations Deaths per

l;é;ﬁ? CATIrec;nlc Asthma Health Medicines [\)/c;(s:;cfsr H\c}?g;tsal Service per 100 10,000
9y Disorders Visits Individuals Individuals
Policy 1989/90 0.0004 0.0012 0.0012 0.0007 0.0070 0.0050 0.0018 -0.0022 0.0051 -0.0108
ITT (0.9054) (0.6808) (0.2625) (0.4619) (0.0326)** (0.0622)* (0.5464) (0.4145) (0.2147) (0.1588)
Policy 1990/91 0.0029 -0.0110 0.0008 0.0009 -0.0070 0.0021 0.0025 0.0051 -0.0127 0.0074
ITT (0.8347) (0.2406) (0.8148) (0.6024) (0.3929) (0.6743) (0.4892) (0.4603) (0.1891) (0.7706)
Observations 1,531 1,531 1,531 1,531 1,531 1,531 1,531 1,531 780 780

Note: Estimations are based on OLS on equations (3.1) and (3.2) for pre-reform cohorts (1984-1987). Estimations using health outcomes at the individual level are
weighted using individual weights reported in the Spanish National Health Survey in 2003 and 2006. Health outcomes, treatment variable, and controls are defined in
Section 3.3. The first row conducts a falsification test assuming the reform took place in 1989/90 that affected the cohorts born in 1986 and 1987, but not those born in
1984 and 1985. The second row conducts a falsification test assuming the reform took place in 1990/91 that affected the cohorts born in 1987, but not those born in
1984, 1985 and 1986. P-values for wild-bootstrapped clustered standard errors with 9,999 repetitions are in parentheses. Parameters statistically significant at 1% (***),
5% (**), and 10% (*) levels are reported next to the p-value.
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Table 3.5 Robustness Checks

(1) (2 (3) 4 (5) (6) (7) (8) 9
. Quality Measures Decentra- Abortion Expansion Period Binary Enrolment
Baseline Class Size Ti;%ﬂZ?tRF;EO lisation Legalisation 11%%02%13 11%%31%15 Treatment Rates
Health outcomes at the individual level
Health status 0.0002 0.0002 0.0003 0.0007 0.0001 0.0002 0.0003 0.0145 0.0009
(0.8074) (0.7682) (0.7270) (0.4202) (0.8971) (0.8423) (0.7365) (0.5587) (0.2615)
Chronic allergy -0.0012 -0.0010 -0.0012 -0.0013 -0.0013 -0.0014 -0.0011 -0.0575 -0.0013
(0.5909) (0.5186) (0.5713) (0.5523) (0.4573) (0.5976) (0.5330) (0.3359) (0.4938)
Asthma -0.0021 -0.0021 -0.0021 -0.0024 -0.0020 -0.0028 -0.0020 -0.0471 -0.0024
(0.0158)**  (0.0217)** (0.0217)** (0.0070)***  (0.0237)** (0.0178)**  (0.0211)**  (0.0640)*  (0.0283)**
Mental health disorders -0.0006 -0.0006 -0.0006 -0.0006 -0.0007 -0.0008 -0.0006 -0.0301 -0.0004
(0.4904) (0.4776) (0.5555) (0.4441) (0.3821) (0.4736) (0.4035) (0.1359) (0.4301)
Medicines -0.0019 -0.0018 -0.0021 -0.0015 -0.0021 -0.0025 -0.0018 -0.0690 -0.0026
(0.1595) (0.1761) (0.1792) (0.1913) (0.0330)** (0.1501) (0.1190) (0.0521)* (0.0531)*
Doctor visits 0.0011 0.0009 0.0008 0.0008 0.0006 0.0015 0.0010 0.0056 0.0006
(0.7196) (0.7559) (0.7919) (0.7908) (0.7529) (0.7271) (0.7778) (0.8886) (0.8488)
Hospital visits 0.0013 0.0012 0.0013 0.0012 0.0012 0.0017 0.0012 0.0398 0.0004
(0.0675)* (0.0730)* (0.0544)* (0.0315)** (0.0849)* (0.0750)* (0.0557)*  (0.0203)** (0.4873)
Emergency service visits 0.0023 0.0023 0.0023 0.0021 0.0028 0.0034 0.0021 0.0595 0.0027
(0.2959) (0.2958) (0.2924) (0.3610) (0.2806) (0.2752) (0.3089) (0.3217) (0.2017)
Observations 4,461 4,461 4,461 4,461 4,461 4,461 4,461 4,461 4,461
Health outcomes at the region level
Hospitalisations per 100 individuals (0%%2)1** (09(')2157))2** (0.860717532** (o.odgég)z** (096(1%3?** (0%(1)28?** (o?dgggl;l** (0963747203;* (0.8'881(3)2**
Deaths per 10,000 individuals 0.0035 0.0032 0.0038 0.0047 0.0041 0.0035 0.0039 0.1671 0.0047
! (0.7431) (0.7568) (0.6834) (0.7128) (0.7103) (0.8123) (0.7289) (0.5134) (0.6721)
Observations 1,560 1,560 1,560 1,560 1,560 1,560 1,560 1,560 1,560

Note: Each cell reports the intention-to-treat (ITT) effect. Estimations using health outcomes at the individual level are weighted using individual weights reported in the
Spanish National Health Survey in 2003 and 2006. Health outcomes, treatment variable, and controls are defined in Section 3.3. Column 1 shows the baseline estimates from
Table 3.3. Columns 2 and 3 introduce two proxies for quality of education (class size and student to teacher ratio). Column 4 controls for the pre-reform decentralisation system
in Spain and Column 5 includes a variable controlling for the abortion legalisation in Spain in 1985. Columns 6 and 7 tighten (1990/91-1992/93) and widen (1990/91-1994/95)
the expansion period, respectively. Column 8 substitutes the continuous treatment by a binary treatment that splits the list of regions in Table 3.2 at the median and Column 9
by public enrolment rates for three-year-olds by region and cohort of birth. P-values for wild-bootstrapped clustered standard errors with 9,999 repetitions are in parentheses.
Parameters statistically significant at 1% (***), 5% (**), and 10% (*) levels are reported next to the p-value.



of the LOGSE assuming that the reform took place in 1989/90 and 1990/91 (instead
of 1991/92) and using the econometric specification and treatment variable of
equations (3.1) and (3.2)’. Overall, almost all the coefficients show no significant
impact of these placebo reforms at 5% significance level, except for the consumption

of medicines whose estimate should be taken with caution.
3.6.2 Quality of Education and Contemporaneous Reforms

The LOGSE programme implied a national qualitative improvement in preschool for
ages 3-5 in terms of the pedagogical curriculum, teacher’s qualifications, and class
size (see Section 3.2.3). If the quality of preschool education had varied across regions
instead of homogenously, the results in Section 3.5 could be confounded and explain
the effect of the qualitative improvement rather than of the expansion of public
preschool places. To show that this is not the case, | add two proxies for the quality of
education (i.e. class size and student to teacher ratio) to equations (3.1) and (3.2) in
Columns 2 and 3 of Table 3.5. The estimates are similar to the baseline results after

including these quality variables.

The Spanish constitution of 1978 regulated the gradual transfer of competences
in the public sector to the Spanish regions over the next decades. The central
government transferred education and/or health competences to Andalusia, the Canary
Islands, Catalonia, Galicia, and the Valencian Community before 1991/92 (Bonal et
al., 2005; Costa-Font & Rico, 2006). | add an interaction between a dummy for these
five regions and Postc to control for the differential effect that the decentralisation
system could have on education and health of pre- and post-reform cohorts in Column
4 of Table 3.5. Again, the coefficients on the interaction of interest show robustness

even after controlling for the pre-reform Spanish decentralisation.

Gonzalez et al. (2020) argued that the Spanish abortion legalisation in 1985 (LO,
1985) implied a differential effect on women due to different availability of abortion
clinics across Spanish provinces. | conduct a test to show that the abortion legalisation
does not confound the results and include the treatment variable used by Gonzélez et

al. (2020). That is, I introduce to the model an interaction between a dummy equal to

76 The pre-reform region characteristics for the falsification tests are calculated for the year previous to
the “fake” policies, except for the proportion of women and men with tertiary education that are for the
closest census year, i.e. 1991.
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one for cohorts born in 1986 onwards (whose mothers were affected by the abortion
legalisation), and a continuous variable capturing the number of clinics that conducted
at least one abortion in 1989 per 100,000 individuals at the region level in Column 5
of Table 3.5. The coefficients are robust to this additional variable concluding that the

Spanish abortion legalisation does not bias the results.
3.6.3 Alternative Treatment Variables

In this section, | show that the results found are not sensitive to the choice of the
treatment variable. | tighten (1990/91-1992/93) and widen (1990/91-1994/95) the
expansion period in Columns 6 and 7 of Table 3.5, respectively, and show that the

results do not depend on the choice of the initial expansion period.

Following Felfe et al. (2015), | dichotomise the treatment variable into a treatment
and a control group. To define which regions belong to the treatment and control
group, I split the list of regions in Table 3.2 at the median, i.e. treatment regions have
an increase above the median and control regions report an increase below the
median’’. APreschoolr is replaced by Treatedr, a dummy variable equal to one for
treatment regions and zero for control regions, in Column 8 of Table 3.5. The estimates
with a binary treatment generally point to the same direction as with a continuous
treatment, although losing some precision’®. Alternatively, | substitute the interaction
term by public enrolment rates for three-year-olds by region and cohort of birth in
Column 9 of Table 3.5. Again, the results are closely parallel to the baseline

specification.
3.7 Heterogeneity Analysis

In this section, | analyse the heterogeneity of the results by gender, hospital diagnosis,
cause of death, and parental education. I study whether the effect differs between

women and men, since no clear gender differences had been found among the studies

" Figure C.3 in Appendix C shows that the parallel trends assumption holds when employing a binary
treatment.

8 Considering the two outcomes with statistically significant coefficients in Section 3.5.2, children
aged three post-policy residing in regions with higher implementation intensity (treatment group) have
a 4.7p.p. lower probability of being diagnosed with asthma and 0.342 more hospitalisations compared
to those in regions with lower implementation intensity (control group). Notice that these results are
similar to an increase of 20p.p. in the continuous treatment intensity (4.2p.p. less in asthma, 0.302 more
hospitalisations). 20p.p. increase is the difference in average treatment intensity between treatment and
control groups.

9 Appendix C.4 analyses heterogeneity by age and type of hospital admission.
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of universal early childhood education programmes (Dietrichson et al., 2020). | also
focus on several hospital diagnoses and causes of death based on the mechanisms
explained in Section 3.2.2 (e.g. mental health disorders, infectious and parasitic
diseases, respiratory diseases, metabolic and immunity disorders) and those diagnoses
that have a higher prevalence in the samples (e.g. external causes of morbidity and
mortality, pregnancy-related diagnoses). Finally, | provide results by parental
education given that children from different SES could react differently to universal

programmes (Baker, 2011).
3.7.1 Gender

Table 3.6 reports the effect of the LOGSE by gender. | split the sample by gender for
health outcomes at the individual level, while hospitalisations and deaths are
computed by gender. In line with previous studies, there is no gender pattern. The
effects on asthma, hospital and emergency service visits are driven by men, and on
mental health disorders by women. Intensifying the initial increase in public enrolment
rates by 10p.p. decreases the probability of being diagnosed with asthma by 2.5p.p.
(with 6.9% of men being diagnosed with asthma) for boys aged three post-policy.
Instead, the likelihood of visiting a hospital and an emergency service increases by
2.6p.p. (with 4.4% of men staying in hospital) and 3.6p.p. (with 31.6% of men
attending an emergency service) for men, respectively. The probability of being
diagnosed with mental health disorders decreases by 2.1p.p. for women (with 4.5% of
women being diagnosed with a mental health disorder). Female and male
hospitalisation rates rise due to the policy, although the effect on women is greater in
magnitude. Hospitalisations for women increase by 3.1% (0.236 more hospitalisations
relative to 7.509 pre-reform mean) and for men by 1.7% (0.067 more hospitalisations

relative to 3.944 pre-reform mean).

8 An increase of 3.1% (1.7%) in female (male) hospitalisations rates is equivalent to 24,608 (7,368)
more hospitalisations given the number of 793,819 (433,441) hospitalisations for pre-reform cohorts
over 1999-2018.
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3.7.2 Hospital Diagnosis and Cause of Death

Figure 3.6 and Figure 3.7 plot the effect on hospitalisations disaggregated by diagnosis
and deaths by cause, respectively®!. Figure 3.6 shows that the effect on hospitalisations
is more pronounced for pregnancy-related diagnoses (increase of 4.6% after
intensifying the increase in public enrolment rates by 10p.p.; 0.091 more
hospitalisations relative to 1.977 pre-reform mean)®, coinciding with the fact that the
impact on hospitalisations is greater for women. This result could be explained by 1)
pregnant women might have changed their health seeking behaviour, 2) the reform
could have worsened women’s health and deteriorated their fertile development, and
3) higher fertility rates. The positive effect of the LOGSE on hospitalisations mainly
due to pregnant women is in line with the positive effect on primary healthcare use
and sickness absences related to normal pregnancies by Breivik et al. (2020) for
Norway, although their estimates are larger (7% and 27%, respectively). Finally,

Figure 3.7 shows that the reform does not affect deaths for any cause.
3.7.3 Parental Education

Table 3.7 shows the effect of the LOGSE on health outcomes at the individual level
by parental education. The sample is split into children with parents having primary
or less education (low-educated parents), at least one parent having secondary
education (medium-educated parents), and at least one parent having tertiary

education (high-educated parents).

Overall, there are few effects of the LOGSE by parental education. Children with
low- and medium-educated parents seem to benefit the most from the LOGSE, which
closely resembles the results of universal programmes driven by less advantaged
children in previous studies (van Huizen & Plantenga, 2018). Children whose parents
have primary or less education have a lower probability of being diagnosed with

asthma (3.7p.p. less after intensifying the increase in public enrolment rates by 10p.p.,

81 Table C.9 in Appendix C provides the point estimates and Appendix C.3 includes the diagnoses of
hospitalisation and causes of death groups with International Classification of Diseases (ICD) codes.
Special access to deaths by cause has been given by the National Statistics Institute.

82 An increase of 4.6% in hospitalisations rates related to pregnancy diagnoses is equivalent to 20,447
more hospitalisations given the number of 444,505 hospitalisations for pre-reform cohorts between
1999 and 2018.
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Table 3.6 Heterogeneity by Gender

. Mental . Emergency Hospitalisations Deaths per
';te;tljg i?g,mc Asthma Health Medicines ?/Oig}fsr H\(;?Spiléal Service per 100 10,000
9y Disorders Visits Individuals  Individuals
ITT for women -0.0012  -0.0002 -0.0012 -0.0021 0.0018 0.0034 0.0002 0.0013 0.0236 0.0118
(0.3094) (0.9381) (0.4756)  (0.0686)*  (0.5255) (0.6212) (0.6997) (0.6165) (0.0130)** (0.4119)
Observations 2,175 2,175 2,175 2,175 2,175 2,175 2,175 2,175 1,560 1,560
Pre-reform mean 0.845 0.130 0.068 0.045 0.537 0.416 0.052 0.345 7.509 1.993
ITT for men 0.0015  -0.0022 -0.0025 0.0008 -0.0029 0.0001 0.0026 0.0036 0.0067 -0.0034
(0.2683) (0.3171) (0.0218)**  (0.1692) (0.1142)  (0.9675) (0.0039)***  (0.0176)** (0.0599)* (0.7241)
Observations 2,286 2,286 2,286 2,286 2,286 2,286 2,286 2,286 1,560 1,560
Pre-reform mean 0.908 0.171 0.069 0.014 0.373 0.284 0.044 0.316 3.944 5.000

Note: Each cell reports the intention-to-treat (ITT) effects by gender. Estimations using health outcomes at the individual level are weighted using individual
weights reported in the Spanish National Health Survey in 2003 and 2006. Health outcomes, treatment variable, and controls are defined in Section 3.3. Control
coefficients are not reported. P-values for wild-bootstrapped clustered standard errors with 9,999 repetitions are in parentheses. Parameters statistically significant
at 1% (***), 5% (**), and 10% (*) levels are reported next to the p-value.



Figure 3.6 Hospitalisations per 100 Individuals by Diagnosis
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Note: Figure 3.6 plots the coefficients of APreschoolxPost; and their 95% confidence intervals.
Hospitalisations per 100 individuals, treatment variable, and controls are defined in Section 3.3. Figure
3.6 focuses on (from top to bottom) hospitalisations 1) for all diagnoses, 2) for injury and poisoning, 3)
for mental health disorders, 4) for diseases of the nervous system and organs of sense, 5) for diseases
of the circulatory system and diseases of the blood and blood-forming organs, 6) for diseases of the
musculoskeletal system and connective tissue, 7) for diseases of the respiratory system, 8) for infectious
and parasitic diseases, endocrine, nutritional and metabolic diseases, and immunity disorders, 9) for
complications of pregnancy, childbirth, and the puerperium, and 10) for other diagnoses. All
specifications are estimated by OLS. Confidence intervals are estimated by wild-bootstrap cluster
method with 9,999 repetitions. Observations = 1,560.

Figure 3.7 Deaths per 10,000 Individuals by Cause
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Note: Figure 3.7 plots the coefficients of APreschool,xPost. and their 95% confidence intervals. Deaths
per 10,000 individuals, treatment variable, and controls are defined in Section 3.3. Figure 3.7 focuses
on (from top to bottom) deaths 1) for all causes, 2) for external causes of morbidity and mortality, and
mental and behavioural disorders, 3) for diseases of the nervous system and organs of sense, 4) for
diseases of the circulatory system, diseases of the blood and blood-forming organs and certain disorders
involving the immune mechanism, and diseases of the musculoskeletal system and connective tissue,
5) for diseases of the respiratory system, certain infectious and parasitic diseases, and endocrine,
nutritional and metabolic diseases, and 6) for other causes of death. All specifications are estimated by
OLS. Confidence intervals are estimated by wild-bootstrap cluster method with 9,999 repetitions.
Observations = 1,560.
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Table 3.7 Heterogeneity by Parental Education

. Mental . Emergency
Health Chronic Asthma Health Medicines chfcor Hogp_ltal Service
Status Allergy . Visits Visits L
Disorders Visits
ITT for both parents have 0.0026 0.0007 -0.0037 0.0003 0.0000 0.0009 0.0000 -0.0018
primary education or less (0.3948) (0.7427)  (0.0688)* (0.7903) (0.9473) (0.3164) (0.9850) (0.5531)
Observations 1,546 1,546 1,546 1,546 1,546 1,546 1,546 1,546
Pre-reform mean 0.338 0.133 0.068 0.023 0.415 0.333 0.049 0.344
ITT for at least one parent -0.0017 -0.0029 -0.0011 -0.0006 -0.0057 0.0017 0.0002 0.0044
has secondary education (0.6982) (0.2227) (0.6125) (0.0285)**  (0.0332)** (0.6621) (0.7914) (0.0491)**
Observations 1,865 1,865 1,865 1,865 1,865 1,865 1,865 1,865
Pre-reform mean 0.891 0.166 0.071 0.030 0.488 0.371 0.038 0.313
ITT for at least one parent 0.0009 -0.0021 -0.0006 -0.0008 -0.0018 0.0015 0.0039 0.0067
has tertiary education (0.7962) (0.3718) (0.7563) (0.6327) (0.9184) (0.8010) (0.0952)* (0.4022)
Observations 765 765 765 765 765 765 765 765
Pre-reform mean 0.908 0.167 0.066 0.034 0.440 0.308 0.047 0.284

Note: Each cell reports the intention-to-treat (ITT) effects by parental education. Estimations using health outcomes at the individual level are
weighted using individual weights reported in the Spanish National Health Survey in 2003 and 2006. Health outcomes, treatment variable, and
controls are defined in Section 3.3. Control coefficients are not reported. The sample size reduces to 4,176 (93.6% of the main sample) since
some individuals do not belong to the same household as their parents. The main results are robust to restricting the sample to those individuals
with information about parental education and are available upon request. The results are fairly robust when considering solely maternal
education and are available upon request. P-values for wild-bootstrapped clustered standard errors with 9,999 repetitions are in parentheses.
Parameters statistically significant at 1% (***), 5% (**), and 10% (*) levels are reported next to the p-value.



with pre-reform mean of 6.8%). For children aged three post-policy with at least one
parent having secondary education, the probability of being diagnosed with mental
health disorders reduces by 0.6p.p. (with pre-reform mean of 3%) and having taken
any medicine in the last two weeks decreases by 5.7p.p. (with pre-reform mean of
48.8%) after intensifying the increase in public enrolment rates by 10p.p. In contrast,
children from families with at least one parent having secondary education experience
an increase in the likelihood of visiting an emergency service in the last 12 months
(4.4p.p. more, with pre-reform mean of 31.3%). Children with at least one parent
having tertiary education have a higher probability of staying in hospital, although this

result is marginally significant.

Hospitalisation and death registries do not report information about parental SES.
Thus, | split hospitalisations and deaths into regions with low, medium and high
education levels, where regions with low/medium/high education are in the
first/second/third tercile of the distribution of the proportion of adults aged 25 or older
with tertiary education in 1991 Census. Table 3.8 shows no heterogeneity by regional

education across hospitalisations and deaths.

Table 3.8 Heterogeneity by Regional Education

Hospitalisations  Deaths per

per 100 10,000
Individuals Individuals
. . . 0.0012 0.0055
ITT for regions with low education (0.6210) (0.6109)
Observations 520 520
Pre-reform mean 5.654 3.874
. . . . 0.0121 0.0041
ITT for regions with medium education (0.2245) (0.3451)
Observations 520 520
Pre-reform mean 5.909 3.521
. I . 0.0109 0.0149
ITT for regions with high education (0.5257) (0.1909)
Observations 520 520
Pre-reform mean 5.410 3.268

Note: Each cell reports the intention-to-treat (ITT) effect by regional education. Regions with
low/medium/high education fall in the first/second/third tercile of the distribution of the
proportion of adults aged 25 or older with tertiary education in 1991 Census. Regions with low
education are Andalusia, Balearic Islands, Galicia, Extremadura, and Castilla-La Mancha.
Regions with medium education are Cantabria, Catalonia, La Rioja, Region of Murcia, and
Valencian Community. Regions with high education are Community of Madrid, Canary Islands,
Aragon, Castilla y Leon, and Asturias. Health outcomes, treatment variable, and controls are
defined in Section 3.3. Pre-reform characteristics interacted with cohort fixed effects cannot be
included due to problems of collinearity. Control coefficients are not reported. P-values for wild-
bootstrapped clustered standard errors are in parentheses. Parameters statistically significant at
1% (***), 5% (**), and 10% (*) levels are reported next to the p-value.
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An explanation for the negative effect on asthma, mental health disorders, and
consumption of medicines is that parents (especially, mothers) with low and medium
educational levels, respectively, could have taken care of their children at home or
could have left the child with grandparents in absence of the reform. Once universal
public preschool is offered, low- and medium-educated parents might have been more
responsive and prefer enrolling their children in full-time formal care with potentially
higher quality than family care without incurring a large income outlay. This might
imply that the productivity of time spent with parents (or grandparents) is lower than
the productivity of time spent in formal high-quality childcare for children with low-
and medium-educated parents. Instead, children with high-skilled parents could have
been already enrolled in (private) preschool even if the LOGSE did not take place and
thus benefited less. Finally, the increase in the likelihood of visiting an emergency
service is in line with the positive effect on hospitalisations found in Section 3.5.2.
Again, this (unexpected) result might be related to the literature stating that individuals
from higher socioeconomic backgrounds use specialist healthcare more than those

from lower SES (van Doorslaer et al., 2004).
3.8 Conclusion

This study has investigated the causal effect of universal preschool programmes on
long-term health. It examined a Spanish policy which expanded public preschool
places for three-year-olds and substituted care provided by the nuclear family. | tested
if early education policies targeting enrolment, educational attainment and maternal
employment have also spillover effects on long-term health. In general, the results
show that the Spanish universal preschool programme does not affect health and
healthcare use in the long run. This finding suggests that expanding the number of
places in preschool is not sufficient to affect long-term health in institutional contexts

such as Spain.

There are three policy-relevant findings. First, a greater initial intensity in public
preschool expansion decreases the probability of being diagnosed with asthma for
children aged three post-policy. This result might be explained by several channels.
One channel is that children could have been more exposed to pathogens due to
attending preschool but acquired higher immunisation levels which protect them from

future illnesses (hygiene hypothesis, (Strachan, 1989, 2000)). Other channels are an
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early detection of illnesses by preschool teachers and thus an early treatment of these
(Breivik et al., 2020), or an improved child’s environment compared to the
counterfactual mode of care (i.e. family care). The reduction in individuals diagnosed
with asthma might imply a reduction in health expenditure given that annual costs per
patient faced by the society are around €1,726 and by the NHS are €1,533 at 2007
prices in Spain (Martinez-Morag6n et al., 2009).

Second, children affected more intensively by the programme have higher
hospitalisation rates despite the hypothesis that early childhood education programmes
enhance child outcomes. This finding might be explained by a change of the health
seeking behaviour towards a higher utilisation of healthcare services given that the
remaining (statistically insignificant) results point to an improvement in health and a
higher likelihood of visiting the doctor, hospital, and emergency services. Achieving
a higher SES thanks to the LOGSE could also explain this result as it is well-
established in the literature that individuals with higher SES use specialist healthcare
more (van Doorslaer et al., 2004). However, more hospitalisations could also lead to
arise in health expenditure of around an average of €4,160 per patient (in 2008 prices

in Spain) (Ministry of Health, Consumer Affairs and Social Welfare, 2008).

In quantitative terms, a higher initial intensity in public preschool expansion by
10p.p. decreases the probability of being diagnosed with asthma by 2.1p.p. and
increases hospitalisation rates by 2.7% for children aged three after the policy.
Although the size of these ITT effects might seem small (0.1 standard deviations), the
study considers cohorts born in 1988-1991 that experienced low public enrolment
rates for three-year-olds even after the implementation of the programme (18.1%-
35.4% on average in 1991/92-1994/95, see Figure 3.1) compared to pre-reform levels
(10.5% on average in 1990/91, see Figure 3.1). Therefore, the total real effect of the
LOGSE on long-term health outcomes should be expected to be larger given that
younger post-reform cohorts were exposed to higher public enrolment rates for three-
year-olds (e.g. cohort born in 1999 had a public enrolment rate for three-year-olds
equal to 64.2% on average in 2002/03, see Figure 3.1). In other words, a higher
proportion of children belonging to younger post-reform cohorts attended public
preschool at the age of three than older post-reform cohorts and thus the magnitude of

their effects on health outcomes is likely to be larger.
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Third, the LOGSE mostly improved the health of children from low and medium
socioeconomic backgrounds. This might imply that more disadvantaged children
enrolled in preschool once the programme started and, thus, benefited the most due to
a change from (low-quality) family care to high-quality formal out-of-home care.
Universal childhood education programmes have a lower cost per child but larger
overall expenditure than targeted ones (Baker, 2011), while they seem to mainly
benefit disadvantaged children as targeted programmes do (van Huizen & Plantenga,
2018). These results thus suggest that universal programmes might not be as cost-

effective as targeted policies are.

This investigation has some limitations. | analyse individuals born over 1984-
1991 who were relatively young (aged 11-27) over 1999-2018. Therefore, | cannot
completely assess the effects of the LOGSE on the health of the individuals after their
adolescence and early adulthood, when their risk of disease and mortality increases.
Similarly, I cannot distinguish whether the reform directly affected long-term health
or indirectly through its effects on characteristics during childhood (e.g. health,
cognitive and non-cognitive skills). Exploring which mechanisms explain the results
is outside of the scope of this study due to data constraints, but future work could focus
on the short-term effects to understand what channels drive the results in the long run.
Another limitation is that the findings are interpreted as ITT effects since the samples
analysed do not report whether individuals attended preschool at the age of three.
Moreover, | focus on severe healthcare outcomes (overnight hospitalisations and
deaths) and relevant effects might be also found when considering primary/secondary
healthcare use or hospital day-cases. However, administrative patient-level data may
be difficult to gather in a decentralised health system as the Spanish. Overcoming these

limitations could be the subject of future research.
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Conclusions

This thesis has investigated empirical evidence on several policy domains, focusing
on dimensions of hospital performance under significant pressure (bed occupancy
rates and inpatient waiting times) and exploring early childhood education policies as
determinants of health capital. Using the English and the Spanish National Health
Services (NHS) as case studies, this thesis aims at expanding evidence base for
policymakers in publicly funded health systems. This section summarises each chapter
of the thesis and discusses policy implications, limitations and avenues for future

research for each topic.

Chapter 1 investigates whether acute hospitals in the English NHS with high bed
occupancy rates are negatively associated with quality of care, and which third factors
explain such association. The results show that an increase of 5 percentage points
(p.p.) in bed occupancy rates is associated with an increase of 1.1% in overall mortality
and of 3.1% in surgical mortality, and a reduction of 0.5% and 0.9% in patient reported
health outcomes for hip and knee replacement, respectively. 12%-25% of these
associations are explained by patients’ length of stay (LOS) and the remaining by

variations in bed occupancy rates across hospitals.

These results have policy implications. The negative association between bed
occupancy rates and hospital quality might be informative for policymakers, who
could rely on high bed occupancy as a signal of poorer quality of care and trigger
additional monitoring or auditing to hospitals experiencing high rates. This evidence
is useful given the current Covid-19 pandemic crisis. Covid-19 implied a backlog of
patients due to planned care being postponed and hospitals will have to increase bed
occupancy rates to allocate this high demand. The results suggested in this chapter
may inform policymakers that hospitals might be delivering worse quality and could

have difficulties to tackle demand if they are working under significant pressure.

The findings also show that policymakers face limited scope to group hospitals
by their characteristics or population features of their catchment areas as demand-

supply shifters do not explain the association of interest. They cannot either rely on
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hospital capacity or volume to target high bed occupancy rates and low quality given
that hospital beds and admissions do not explain the association. Instead, patients’
LOS explains up to a quarter of the association between quality and bed occupancy
rates. This implies therefore that regulators could focus on high LOS as a marker of
worse quality and use this information for more targeted interventions since LOS can
be measured at a more disaggregated level (e.g. by treatment or specialty) than bed
occupancy rates. Recent policies implemented by the English NHS already pointed at
shortening LOS (Gaughan et al., 2019; NHS England, 2019), which might lead to
efficiency gains. The remaining association is explained by variations in bed
occupancy between hospitals, therefore regulators could target acute hospitals that
systematically experience high bed occupancy rates instead of sharp increases over
time. This variation between hospitals may be derived from differences, for instance,
in hospital management across hospitals. New evidence suggests that higher quality
instead of quantity of management sheds some light on improvements in hospital

performance (Asaria et al., 2022).

Despite being policy relevant, the results are associations and causality cannot be
claimed given the endogeneity of bed occupancy rates. The regressions estimated
might have issues related to omitted variable bias (e.g. hospital management) and
reverse causality (i.e. quality can affect bed occupancy rates through patient volume).
One way of establishing causality could be through the identification of binding
policies targeting at specific levels of bed occupancy rates. Moreover, this chapter uses
annual data at the hospital level as bed occupancy rates are not calculated at a more
disaggregated level (e.g. by day or specialty), at least in England. Recording occupied
and available beds at lower levels and linking them to patient-level data (e.g. Hospital
Episode Statistics for England) may give the possibility to researchers of detecting
exogeneous variations in bed occupancy rates to be considered in a causal framework.
This linkage could also be exploited to conduct directly the risk adjustment of hospital
quality measures and analyse specific diagnoses and procedures. These data together
with other databases could widen the limited set of quality measures and determinants
used in this chapter. Future research could focus on less severe quality dimensions
(e.g. patient satisfaction, patient reported health outcomes for other surgeries) and
additional determinants (e.g. hospital management, staff stress) as data become

available.
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Chapter 2 analyses whether inpatient waiting times for hospital surgeries are
shorter for patients with higher socioeconomic status (SES) in the publicly funded
health system of Catalonia, Spain. It estimates the association between patient’s SES
and waiting times by running a linear regression controlling for patient characteristics,
hospital type, and hospital fixed effects. A small socioeconomic gradient in favour of
patients in higher income groups is found for several surgeries. When comparing
patients in the low-income group to those in the middle-income group, which sum up
to at least 90% of patients, waiting times inequalities are 5-6 days for hip replacement
and hysterectomy, about 2 days for cataract surgery, and less than a day for breast
cancer surgery. Differences in waiting times are also estimated for knee replacement,
coronary bypass, and prostate and colorectal cancer surgeries when focusing on
patients in the very low and high-income groups compared to those in the low-income
group. No socioeconomic inequalities are found for prostatectomy and lung cancer
surgery. These socioeconomic inequalities in waiting times are not explained by

patient or hospital characteristics and arise within hospitals.

Although the magnitude of the waiting times inequalities is not large, the results
might be of interest for policymakers. The results support the idea that health systems
basing their decisions on equity grounds and relying on waiting lists instead of
charging patients do not face the cost of large waiting times inequalities. The
inequalities tend to be fewer and smaller for more urgent procedures, such as
hysterectomy or cancer surgeries, which highlights to a great extent that prioritisation
protocols are followed in Catalonia. The results in this chapter suggest that vertical
equity, for which patients are prioritised on the list based on sickness, was largely

guaranteed for hospital surgeries underwent over 2015-2019.

The negative association between waiting times and patient’s SES mostly arises
within hospitals. Patients with higher SES may be prioritised on the waiting list
because they can articulate their needs more effectively, keep up with the processes,
have a more flexible schedule, put pressure to the provider, use informal channels, or
be better informed of their rights to take legal actions if their waiting time becomes
significant. To narrow the gap in waiting times by SES, public health systems could
guide patients during the whole pathway with an emphasis on more disadvantaged

ones.
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This chapter also reports that socioeconomic differences exist while waiting for
surgery, which could be tackled when patients are on the waiting list or even before.
Patients in higher income groups are more likely to voluntarily exit the waiting list for
knee replacement, cataract surgery, prostatectomy, and breast cancer surgery, which
might imply that richer patients seek treatment in another public or private hospital. If
patients with higher SES were changing from public to private hospitals, policies
targeting at subsidising private health insurance by shifting the demand to private
hospitals could reduce the pressures related to waiting times in public hospitals
(Siciliani et al., 2013). Instead, patients in lower income groups have a higher
probability of having a surgery cancelled for medical reasons and dying while waiting.
Indeed, this result is found for less urgent planned surgeries suggesting that it is
unlikely that poorer patients do not get treatment or die because of the underlying
condition related to the treatment they are waiting for, but due to worse health in
general (Jones et al., 2006; Wagstaff & van Doorslaer, 2000).

This study has some limitations. The main limitation is that patient’s SES is based
on co-payment levels for medicines which depend on patient’s gross income or Social
Security benefits in broad categories. Other measures such as patient’s income or
education could capture SES more directly. Linking hospital records with census data
might ease and empower researchers to evaluate health inequalities. This type of data
links however are available for a reduced set of countries (e.g. Norway, Denmark) and
are still missing in others including England and Spain. Another limitation is that
waiting times definition employed is enclosed accounting only for the time between
specialist’s referral and treatment. Patient’s pathway is often convoluted, and most
surgeries considered in the analysis involve additional treatments, such as diagnostic
visits, radiotherapy, chemotherapy, or surgery rehabilitation. Future work could use a

wider range of waiting times definitions as well as different hospital procedures.

The patient characteristics included are also far from exhaustive and the models
employed are likely to omit unobserved dimensions of patient severity related to
prioritisation and therefore waiting times and SES (if for example, poorer patients are
in worst health). That is, understanding further the causes that explain the
socioeconomic inequalities in waiting times might be the aim of future research.
Another aspect left for future research is the investigation of whether the Covid-19

outbreak, which enlarged health disparities between more and less disadvantaged
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groups and postponed elective surgeries (OECD, 2021b), widened socioeconomic
inequalities in waiting times and harmed prioritisation protocols for non-urgent

surgeries in Catalonia.

Chapter 3 explores whether children benefit from attending early childhood
education by examining the causal effect of universal preschool programmes on long-
term health. It considers a Spanish policy that implied an expansion of public
preschool places for three-year-olds from 1991/92 school year. Overall, the Spanish
universal preschool policy does not affect health and healthcare outcomes in the long
run, except for two indicators. Children who were exposed more intensively to the
programme by 10p.p. have a 2.1p.p. lower probability of being diagnosed with asthma
but experience an increase in hospitalisation rates of 2.7%.

The main objectives of universal preschool programmes are to increase enrolment
rates, incentivise educational attainment and boost maternal employment (Felfe et al.,
2015; Nollenberger & Rodriguez-Planas, 2015). There are mechanisms to think that
attending preschool has also spillover effects on long-term health. The lack of effects
of the Spanish universal preschool programme instead suggests that expanding
preschool places might not be effective enough to affect long-term health in

institutional contexts similar to Spain.

There are however some policy implications derived from the results of this
chapter. The decrease in the prevalence of asthma might be through higher
immunisation acquired during childhood thanks to attending preschool (hygiene
hypothesis, (Strachan, 1989, 2000)), an early detection by preschool teachers and
treatment of asthma (Breivik et al., 2020), or an improvement in child’s environment
relative to that at home. Regardless of the explanation of this result, less individuals
being diagnosed with asthma could imply a relief of burden for the Spanish NHS given
that annual costs per patients are estimated to be €1,533 and total annual costs sum up
to €3,022 million (for patients diagnosed based on symptoms) at 2007 prices in Spain
(Martinez-Moragon et al., 2009). Instead, the increase in hospitalisation rates leads to
higher health expenditures in a period when hospital efficiency is at the agenda of
policymakers. The Spanish universal preschool programme supposed an average of
33,136 more hospitalisations in 1999-2018 (given a 10p.p. increase in initial

implementation intensity), which could imply an estimated increase in costs of around
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€138 million (given an average cost per patient of €4,160 in 2008 prices in Spain)
(Ministry of Health, Consumer Affairs and Social Welfare, 2008). The rise in
hospitalisations seems to be explained by a change of health seeking behaviour
towards a higher utilisation of hospital care given the improving effect (although
statistically insignificant) on the rest of health outcomes. The Spanish policy increased
educational attainment and maternal employment (Felfe et al., 2015; Nollenberger &
Rodriguez-Planas, 2015) and previous evidence showed that individuals with higher
SES use specialist healthcare more (van Doorslaer et al., 2004) despite having better
health (Wagstaff & van Doorslaer, 2000).

Children whose parents have at most secondary education (i.e. with low and
medium SES) benefit the most from the policy in terms of a lower probability of being
diagnosed with asthma, having mental health disorders, and consuming medicines.
The children with medium SES also have a higher probability of visiting an emergency
service in the last 12 months. More disadvantaged families might have been more
responsive to the implementation of the programme and, thus, their children could
have reacted more due to switching from (low-quality) family care to high-quality full-
time formal preschool. This result contributes to the policy debate about whether
preschool education should be targeted or universal. Universal childhood education
programmes mostly affect children from disadvantaged backgrounds in line with the
objectives of targeted programmes (van Huizen & Plantenga, 2018) and are more
expensive overall, but they have a lower cost per child than targeted ones (Baker,
2011).

A possible limitation of this chapter is that it examines health and healthcare
outcomes at ages 11-27 for individuals born in 1984-1991. It focuses on their
adolescence and young adulthood as these cohorts were still young over 1999-2018.
More research could be conducted to evaluate the effect of this Spanish policy on
health over the lifecycle. Apart from studying the effect in adulthood, future research
could focus on short-term effects to understand what mechanisms drive the results in
the long run. The study of universal programmes could take a step further and examine
whether the observed relationship with long-term health has a direct or indirect causal
interpretation. One way may be by conducting mediation analyses to investigate the

mechanisms that explain the effects on long-term health and even the lack of these.

129



The interpretation of the findings in Chapter 3 is limited since no information
about preschool enrolment of the individuals considered in the samples is known. This
implies that the results can only be interpreted as intention-to-treat effects. If
individual’s preschool enrolment was known, an instrumental approach could be
estimated by employing the difference-in-differences interaction used in Chapter 3 as
the instrument for preschool enrolment. Then, the results should be interpreted as local
average treatment effects of the compliers (Imbens & Angrist, 1994). Last, this chapter
uses survey data and registries for severe life outcomes (hospitalisations and deaths).
This leaves scope to explore whether the Spanish universal preschool programme
affected less drastic outcomes, such as primary/secondary healthcare use or hospital
day-cases. Obtaining administrative patient-level data by Spanish region is however
challenging given how decentralised the Spanish health system is. Linking patient-
level data with educational records, census data, etc., over time could help researchers
to impulse their studies and might imply a progress towards a more evidence-based

design of policies.

As a whole, this thesis contributes to the analysis and understanding of publicly
funded health systems. First, it shows that public health systems such as the English
and the Spanish NHS have been under significant pressure, which might affect the
provision of healthcare services. For instance, policies targeting at stimulating
efficiency in the hospital sector have been implemented in the last decade, but a trade-
off between efficiency and quality has arisen given that higher hospital efficiency can
worsen quality of care. Another example is the equity concern related to the presence
of socioeconomic inequalities in access to public healthcare and, more precisely, in
waiting times for elective procedures. Second, this thesis also explores whether early
childhood education policies act as determinants to improve health capital. It shows
that universal educational policies expanding the number of preschool places might

not have spillover effects on health in institutional contexts such as Spain.

The conclusions of this thesis might be considered when designing future policies
aiming at the sustainability of public health systems by boosting the efficiency of
healthcare services, enhancing patient access and pathway, and improving health of
the population through education. For instance, planned surgeries were postponed due
to Covid-19 creating a backlog of elective patients. Hospitals will then have to

implement policies to allocate these patients and stimulate efficiency (e.g. increasing
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bed occupancy rates) without decreasing quality of care, while guaranteeing
prioritisation protocols by patients’ comorbidities and complexity instead of SES.
Another example relates to the new evidence showing that universal programmes
which offer services to support children and parents as well as the opening of
preschool centres such as the Sure Start in England might be more effective than
expanding preschool slots and reduce healthcare use in the long run (Cattan et al.,
2021).

The findings presented in this thesis lead to further questions for future research.
Additional outcomes as well as diagnoses and procedures could be studied to give a
broader picture of the three policy domains analysed in this thesis. Also, identifying
the mechanisms behind the results of these investigations should be in the agenda of
future research since they might inform policymakers on how to design and implement

more cost-effective policies in publicly funded health systems.

131



Appendices

132



Appendix A

Appendix to Chapter 1

Table A.1 Definition and Online Links of Data

Variable

Definition and Link

Bed
Occupancy
Rate

Bed occupancy rate is the ratio of average daily number of occupied beds to
average daily number of available beds. The analysis focuses on general and acute
overnight bed occupancy rates. Overnight and day-case (occupied and available)
beds are reported. For wards open overnight, an occupied bed is defined as one
which is occupied at midnight on the day in question. For wards open day only, an
occupied bed is defined as a bed in which at least one day-case has taken place
during the day. Although it is common practice for day-case beds to be used by
more than one patient during a day, for wards open day only an occupied bed is
defined as a bed in which at least one day case has taken place during the day. The
number of overnight and open day-case beds do not overlap since the methodology
followed in the calculation distinguishes between wards open overnight and wards
open day only. The variable only includes beds in units managed by the provider
and excludes beds commissioned from other providers. The following beds are
excluded: available and occupied beds designated solely for the use of well babies,
critical care beds, residential care beds, and beds of patients under non consultant-
led care, i.e. nurse/therapy or GP led. A bed allocated to a patient on home leave
is recorded as not available and therefore not occupied. Data is published quarterly.

Source: NHS England Statistics
https://www.england.nhs.uk/statistics/statistical-work-areas/bed-availability-and-
occupancy/

Summary
Hospital-level
Mortality
Indicator

The risk-adjusted SHMI is the ratio of the actual number of patients who died
following hospitalisation at the trust to the number that would be expected to die
on the basis of average England figures, given the characteristics of the patients
treated there. The numerator of this ratio includes all deaths reported of patients
who were admitted and either died while in-hospital or within 30 days of discharge.
If the patient is treated by another trust within 30 days after discharge, their death
is only attributed to the last trust to treat them. The expected deaths are estimated
through a logistic regression controlling for age, gender, admission method, year
index, Charlson Comorbidity Index, and diagnosis grouping. A three-year dataset
is used to create this risk-adjusted model. The SHMI is composed of 140 different
diagnosis groups aggregated to calculate the overall SHMI. From 2013/14, the
SHMI data has been also published by diagnosis group. The diagnosis included in
the study are: acute cerebrovascular diseases (ICD-10 codes G46.0 to G46.8, 160.0
to 163.9 -except 161.7, 162.2 to 162.8, 163.7-, 164.X, 166.0 to 166.4, 166.8, 166.9),
acute myocardial infarction (ICD-10 codes 121.0 to 121.4, 121.9 to 122.1, 122.8,
122.9), and hip fracture (ICD-10 codes S72.0, S72.1, S72.2). Data is published
annually.

Source: NHS Digital
https://digital.nhs.uk/data-and-information/publications/clinical-indicators/shmi
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Variable

Definition and Link

Surgical
Mortality
Rate

The risk-adjusted mortality data measures indirectly standardised rates for patients
whose death occurred either in-hospital or within 30 days of an operative
procedure. The indirectly standardised rate is the ratio between hospital’s observed
and expected deaths multiplied by an overall event rate of patients in England. The
expected events are the product between the number of patients for a provider and
the overall event rate for each risk adjustment category (gender-age combination)
summed over all categories. The procedures are surgeries following a non-elective
admission (patients with diagnosis of cancer are excluded). All aged patients are
considered. Data is available annually up to 2014/15.

Source: NHS Digital
https://digital.nhs.uk/data-and-information/publications/statistical/compendium-
hospital-care/current/deaths-within-30-days

Emergency
Readmission
Rate

The risk-adjusted emergency readmission rate measures the indirectly standardised
percentage of emergency admissions to any hospital in England occurring within
30 days of the last, previous discharge from hospital. It is calculated as the ratio of
the provider’s observed number of readmissions to the number of events that
would be expected if it had experienced the same event rates as those of patients
in England in the standard population and across the mid-point time period
(2015/16), given the case-mix of age, sex, method of admission and
diagnosis/procedure of its patients. The expected events are the product between
the number of patients for a provider and a crude rate in the standard population
for each case-mix group summed over all groups. Then, this standardised ratio is
converted into a rate multiplying it by the overall event rate of patients in England.
Emergency readmission rates for all conditions are considered. Admissions for
cancer and obstetrics are excluded as they may be part of the patient’s care plan.
All patients aged 16 and over are included. The data is available annually from
2013/14 to 2017/18.

Source: NHS Digital
https://digital.nhs.uk/data-and-information/publications/statistical/compendium-
emergency-readmissions/current/emergency-readmissions-to-hospital-within-30-
days-of-discharge

Patient

Reported
Outcome
Measures

PROMs measure the risk-adjusted average health gain in patients undergoing
primary hip and knee replacements in England. PROMs comprise a pair of
questionnaires completed by the patient, before and after surgery (at least six
months after for hip and knee replacements). The health gain is based on the
Oxford Hip and Knee Scores (OHS and OKS, respectively) questionnaires. The
surveys include twelve questions related to patient’s pain and mobility, with five
multiple choice answers where O denotes greatest severity and 4 least or no
symptoms. These answers are then summed up to a single score with 0 indicating
the worst possible score and 48 the highest possible. OHS is adjusted for age, sex,
ethnicity, index of multiple deprivation, pre-operative self-assessed health status,
comorbidity, patient assistance to complete the questionnaires, living
arrangements, disability, primary diagnosis, and years of experiencing symptoms.
OKS have the same adjustment, except for living arrangements and years of
experiencing symptoms. Data is published annually.

Source: NHS Digital
https://digital.nhs.uk/data-and-information/publications/statistical/patient-
reported-outcome-measures-proms
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Variable

Definition and Link

Control
Variables

Workforce Statistics

Source: NHS Digital
https://digital.nhs.uk/data-and-information/publications/statistical/nhs-workforce-
statistics

Market Forces Factor

Source: NHS Improvement
https://webarchive.nationalarchives.gov.uk/ukgwa/20200501111106/https://impr
ovement.nhs.uk/resources/reference-costs/

Hospital Competition

Source: NHS Digital, Open Geography portal
https://data.england.nhs.uk/dataset/ods-nhs-trusts-and-sites
https://geoportal.statistics.gov.uk/datasets/ons-postcode-directory-may-2019

Demographic and Socioeconomic Variables

Source: Open Geography portal, Office for National Statistics, GOV.UK
https://data.gov.uk/dataset/4006b92e-a08d-4e41-addd-2db9cOadeech/lower-
layer-soa-with-names-geometric-centroid-population-weighted-centroid-lookup-
table
https://www.ons.gov.uk/peoplepopulationandcommunity/populationandmigration
/populationestimates
http://geoportal.statistics.gov.uk/datasets/rural-urban-classification-2011-of-
lower-layer-super-output-areas-in-england-and-wales
https://www.nomisweb.co.uk/census/2011
https://www.gov.uk/government/statistics/english-indices-of-deprivation-2015

Type of Hospital

Source: NHS Digital, NHS England
https://digital.nhs.uk/data-and-information/publications/statistical/estates-returns-
information-collection
https://www.england.nhs.uk/publication/nhs-provider-directory/

Beds

Source: NHS England Statistics
https://www.england.nhs.uk/statistics/statistical-work-areas/bed-availability-and-
occupancy/

Day-Cases, Length of Stay, and Admissions

Source: NHS Digital
https://digital.nhs.uk/data-and-information/publications/statistical/hospital-
admitted-patient-care-activity
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https://www.england.nhs.uk/statistics/statistical-work-areas/bed-availability-and-occupancy/
https://digital.nhs.uk/data-and-information/publications/statistical/hospital-admitted-patient-care-activity
https://digital.nhs.uk/data-and-information/publications/statistical/hospital-admitted-patient-care-activity

Table A.2 Pairwise Correlations across Quality Measures

1) ) @) (4) () (6) (7) (8)
(1) SHMI 1
(2) SHMI (Stroke) 0.444* 1
(3) SHMI (AMI) 0.103* 0.111* 1
(4) SHMI (Hip Fracture) 0.250* 0.171* 0.144* 1
(5) Surgical Mortality Rate 0.0935* 0.0649 0.183* 0.213* 1
(6) Emergency Readmission Rate -0.188*  -0.0840* 0.0761* 0.108* 0.169* 1
(7) Health Gain Hip Replacement -0.0273  -0.0769 0.00945 -0.0773 -0.263* -0.169* 1
(8) Health Gain Knee Replacement 0.231* 0.0727  -0.153* -0.0326 -0.239* -0.206* 0.541* 1

Note: SHMI = Summary Hospital-level Mortality Indicator; AMI = acute myocardial infarction. Correlations statistically significant at the 5% (*) level.
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Table A.3 Frequencies and Number of Observations by Bed Occupancy Rate Category

BOR BQR Obs BOR <85% 85% <BOR<90% 90% <BOR <95% BOR > 95%

Mean Median ' Obs. Freq. Obs. Freq. Obs. Freq. Obs. Freq.
SHMI 88.89% 89.37% 1,104 227 20.56% 379 34.33% 391 35.42% 107 9.69%
SHMI (Stroke) 89.58% 89.96% 674 108 16.02% 231 34.27% 256 37.98% 79 11.72%
SHMI (AMI) 89.63% 90.03% 669 106 15.84% 228 34.08% 255 38.12% 80 11.96%
SHMI (Hip Fracture) 89.57% 89.93% 669 109 16.29% 229 34.23% 251 37.52% 80 11.96%
Surgical Mortality Rate 88.06% 88.50% 669 172 25.71% 234 34.98% 214 31.99% 49 7.32%
Emergency Readmission Rate 89.58% 89.93% 681 110 16.15% 234 34.36% 255 37.44% 82 12.04%
Health Gain Hip Replacement 88.79% 89.32% 1,047 221 21.11% 360 34.38% 370 35.34% 96 9.17%
Health Gain Knee Replacement 88.85% 89.35% 1,054 218 20.68% 364 34.54% 373 35.39% 99 9.39%

Note: BOR = Bed Occupancy Rate; SHMI = Summary Hospital-level Mortality Indicator; AMI = acute myocardial infarction; Obs. = observations; Freq. = frequency.
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Table A.4 Correlations across Bed Occupancy Rate and Control Variables

1 ) ©) (4) (5) (6) () (8) 9)
(1) Bed Occupancy Rate 1
(2) Beds -0.039 1
(3) Length of Stay 0.170* 0.130* 1
(4) Inpatient Admissions 0.009 0.921* -0.150* 1
(5) Inpatients to Beds Ratio 0.098* -0.158* -0.777* 0.187* 1
(6) Prop. of Doctors 0.138* 0.070* -0.198* 0.147* 0.249* 1
(7) Prop. of Managers -0.026  -0.189* 0.005 -0.186* 0.036 0.150* 1
(8) Market Forces Factor 0.081* -0.050 -0.103* 0.038 0.281* 0.491* 0.282* 1
(9) Hospital Competition 0.043 -0.030 -0.062* 0.034 0.217* 0.324* 0.192* 0.809* 1
(10) Prop. of Individuals Aged 65+ -0.062* -0.213* 0.093* -0.283* -0.247* -0.359* -0.157* -0.725* -0.752*
(11) Population Density -0.014  0.119* 0.001 0.177* 0.199* 0.269* 0.194* 0.778* 0.883*
(12) Prop. of Rural LSOA -0.091* -0.249* -0.063* -0.258* -0.055 -0.072* 0.026 -0.392* -0.578*
(13) Prop. of Non-White Individuals 0.067* 0.136* -0.102* 0.235* 0.289* 0.343* 0.150* 0.783* 0.850*
(14) Prop. of Individuals with Degree 0.028 -0.032  -0.038 0.027 0.181* 0.355* 0.169* 0.785* 0.632*
(15) Prop. of Individuals with Disability -0.127* 0.023 0.174* -0.079* -0.308* -0.483* -0.188* -0.782* -0.468*
(16) Prop. of Income-Deprived Individuals ~ -0.082* 0.237* 0.106* 0.210* -0.055 -0.160* -0.037 -0.088* 0.299*
(17) Teaching Trust -0.024  0.528* 0.245* 0.466* -0.097* 0.174* -0.010 0.161* 0.174*
(18) Foundation Trust -0.190* -0.072* -0.086* -0.090* -0.031 -0.163* -0.060* -0.151* -0.170*
(19) London Trust 0.025 -0.001  -0.070* 0.067* 0.241* 0.354* 0.188* 0.826* 0.881*
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(10) (12) (12) (13) (14) (15) (16) a7 (18) (19)
(1) Bed Occupancy Rate
(2) Beds
(3) Length of Stay
(4) Inpatient Admissions
(5) Inpatients to Beds Ratio
(6) Prop. of Doctors
(7) Prop. of Managers
(8) Market Forces Factor
(9) Hospital Competition
(20) Prop. of Individuals Aged 65+ 1
(11) Population Density -0.758* 1
(12) Prop. of Rural LSOA 0.595* -0.584* 1
(13) Prop. of Non-White Individuals -0.840* 0.846* -0.569* 1
(14) Prop. of Individuals with Degree -0.515* 0.618* -0.134* 0.599* 1
(15) Prop. of Individuals with Disability 0.600* -0.416* 0.057 -0.593* -0.796* 1
(16) Prop. of Income-Deprived Individuals -0.311* 0.408* -0.588* 0.285* -0.371* 0.502* 1
(17) Teaching Trust -0.310* 0.338* -0.250* 0.256* 0.221* -0.119* 0.194* 1
(18) Foundation Trust 0.121* -0.109* 0.061* -0.180* -0.110* 0.134* 0.005 0.097* 1
(19) London Trust -0.685* 0.886* -0.399* 0.810* 0.716* -0.541* 0.175* 0.179* -0.175* 1

Note: Prop. = proportion; LSOA = Lower Layer Super Output Areas. Correlations statistically significant at the 5% (*) level.



Table A.5 Dependent and Independent Variable Standard Deviations

. Standard Deviation Within/  Within/
Variable Mean o
Overall Between Within Overall Between
SHMI's Sample
Bed Occupancy Rate 88.893 5.168 4.089 3.154 0.610 0.771
SHMI 100.212  9.591 8.959 4.452 0.464 0.497
SHMI Stroke's Sample
Bed Occupancy Rate 89.582  4.918 4.205 2.470 0.502 0.587
SHMI (Stroke) 102.128 16.479  14.512 9.682 0.588 0.667
SHMI AMI's Sample
Bed Occupancy Rate 89.634  4.896 4.212 2.397 0.490 0.569
SHMI (AMI) 100.314 23.961  18.740  15.683 0.655 0.837
SHMI Hip Fracture's Sample
Bed Occupancy Rate 89.569  4.922 4.228 2.478 0.503 0.586
SHMI (Hip Fracture) 102.084 23.455  17.906  16.252 0.693 0.908
Surgical Mortality's Sample
Bed Occupancy Rate 88.057  5.348 4.487 2.969 0.555 0.662
Surgical Mortality Rate 3.670 0.717 0.578 0.424 0.591 0.734
Emerg. Readmission Rates' Sample
Bed Occupancy Rate 89.581  4.923 4.219 2.478 0.503 0.587
Emergency Readmission Rates 13.256  1.247 1.034 0.698 0.560 0.675
Health Gain Hip Repl.'s Sample
Bed Occupancy Rate 88.789  5.187 4.155 3.121 0.602 0.751
Health Gain Hip Replacement 20.842  1.484 0.975 1.173 0.790 1.203
Health Gain Knee Repl.'s Sample
Bed Occupancy Rate 88.854  5.168 4.107 3.095 0.599 0.754
Health Gain Knee Replacement 15.760 1421 1.081 1.025 0.721 0.948

Note: SHMI = Summary Hospital-level Mortality Indicator; AMI = acute myocardial infarction; Emerg. =
emergency; Repl. = replacement.
Table A.5 reports the overall (across hospitals and time), the between (across
hospitals), and the within (across time) standard deviations for bed occupancy rates
and hospital quality for each quality measure’s sample. The within variation is more
than half the overall variation and the between variation for bed occupancy rates and
quality measures (fifth and sixth columns), except for SHMI. However, the within
variation is smaller for hospital characteristics and catchment area measures as shown
in Table 1.1.
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Table A.6 Non-Linear Results for Summary Hospital-level Mortality Data

Model 1  Model2 Model3 Model4  Model 5 Model 6
2203%  -1.803** -1.843** -1884**  -1543*  -0.228
BOR = 85% (1320)  (0.903)  (0.885)  (0.864)  (0.877)  (0.724)
0.749  1574** 1572+  1499**  1208*  0.171
90% < BOR = 95% (0.904)  (0.644)  (0.645)  (0.630)  (0.621)  (0.498)
1608 2.178%%  2206**  2.069** 1568 10,089
BOR > 95% (1379)  (0.973)  (0.984)  (0.999)  (0.994)  (0.786)
= Deviation BOR < 85% -3.311
o (Within Association) (2.278)
Deviation 90% < BOR < 95% 1.667
(Within Association) (1.606)
Deviation BOR > 95% 3.024
(Within Association) (2.004)
R? 0.016 0.509 0510 052 0519 0.538
2419  -1142  -1412 1557  -1516  -1.642
BOR = 85% (3.234)  (2272)  (2.261)  (2.280)  (2.241)  (2.221)
0723 0561 0516 0458  0.751 -0.245
90% < BOR < 95% (1983)  (1.852)  (1.860)  (1.855)  (1.888)  (2.083)
4.964%%  4.653*%  4.887*%  4737*% 53255 2128
— 0
g BOR>9% (2.451)  (2296)  (2.266)  (2.329)  (2.428)  (2.514)
&  Deviation BOR < 85% -0.206
S (Within Association) (4.714)
L Deviation 90% < BOR < 95% 2,988
(Within Association) (4.006)
Deviation BOR > 95% 10.326***
(Within Association) (3.962)
R 0.016 0.199 0202 0205  0.203 0.249
1575  -2653  -2.895  -3112  -2.820  -4.988
0
BOR <85% (3.200)  (3211)  (3.204)  (3.181)  (3.238)  (3.444)
1.057 1014 0995 0928  0.844 0.524
0,
90% < BOR = 95% (2.812)  (2630)  (2.631)  (2.623)  (2.587)  (2.199)
3.145 1.055 1305  1.084 1.022 1.004
0,
_. BOR>95% (4.024)  (3509) (3501)  (3.485)  (3.668)  (3.546)
% Deviation BOR < 85% -0.240
S (Within Association) (7.065)
& Deviation 90% < BOR < 95% 1.105
(Within Association) (4.730)
Deviation BOR > 95% 0.620
(Within Association) (6.740)
R 0.004 0100 0101 0106  0.102 0.113
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Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

2,551 4.116 4.427 4.479 4311 0.172
0,
BOR < 85% (3501)  (3.098)  (3.042)  (3.064)  (3.051)  (2.968)
3.109 4009 4057  4076* 4274 3,059
0, 0
90% <BOR <95% (2593)  (2.446)  (2.445)  (2.439)  (2.481)  (2.780)
=
S aoR> 9% 10.346%%*  10.963%** 10.628%** 10.689%** 11011***  5869*
g (3354)  (3177)  (3.235)  (3.199)  (3.256)  (3.508)
S Deviation BOR < 85% 11.619*
L (Within Association) (6.477)
% Deviation 90% < BOR < 95% 7.872*
o (Within Association) (4.263)
Deviation BOR > 95% 16.815%%*
(Within Association) (5.180)
R? 0.018 0.094 0.097 0.097 0.098 0.144

Note: Bed occupancy rates (BOR) is a vector of four categories: <85%, 85%-90% (baseline), 90%-95%, and >95%.
Model 1 reports Pooled OLS regression of quality on bed occupancy rates controlling for year fixed effects. Model
2 includes exogenous controls and year fixed effects. Model 3 includes controls in Model 2 and beds. Model 4 (5)
includes controls in Model 3 and inpatients to beds ratio (length of stay). Model 6 shows results of the within-
between random-effects specification for Model 5 and reports the between association in the raw of the overall
association for the other models. Controls and year dummies are not reported. Standard errors are clustered at trust
level and are in parentheses. Parameters statistically significant at 1% (***), 5% (**), and 10% (*) levels are
reported next to the coefficient. SHMI = Summary Hospital-level Mortality Indicator; AMI = acute myocardial
infarction. SHMI is published for 2010/11-2017/18 and SHMI by diagnosis are published for 2013/14-2017/18.
Total observations are 1,104 for SHMI, 674 for SHMI (Stroke), and 669 for SHMI (AMI) and SHMI (Hip
Fracture).
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Table A.7 Non-Linear Results for Surgical Mortality Rate, Emergency Readmission
Rate and Average Health Gains

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

-0.131 -0.154**  -0.190*** -0.190***  -0.162** 0.026

0
BOR = 85% (0.081)  (0.064)  (0.065)  (0.065)  (0.065)  (0.056)
0.164**  0.143**  0142%%  0137** 0105  0.100*
0 0,
g 90% <BOR <95% (0.082)  (0.069)  (0.068)  (0.068)  (0.069)  (0.058)
i 0220 0.220%%  0238%*  0.231%  0.181**  0.171*
0,
g FOR>S% (0.141)  (0.095)  (0.098)  (0.094)  (0.091)  (0.093)
S Deviation BOR < 85% -0.408%**
= (Within Association) (0.154)
[1+1
2 Deviation 90% <BOR < 95% -0.005
US) (Within Association) (0.173)
Deviation BOR > 95% 0.167
(Within Association) (0.219)
R? 0.099 0.352 0.364 0.370 0.376 0.403
0.051 0.079 0.075 0.001 0041  -0.106
0
BOR = 85% 0212)  (0.471)  (0.176)  (0.168)  (0.163)  (0.117)
& o . 0.056 002 0023 0015 004l  -0.158
5 90%<BOR=95% (0.147)  (0131)  (0.131)  (0.129)  (0.127)  (0.105)
5 oms o 10.208 013 0133 0119  -0020  -0.050
2 (0.201)  (0.173)  (0.173)  (0.170)  (0.163)  (0.179)
S Deviation BOR < 85% 0.476
@  (Within Association) (0.353)
>
% Deviation 90% <BOR < 95% 0.411*
©  (Within Association) (0.242)
[<5)
LIEJ Deviation BOR > 95% -0.045
(Within Association) (0.269)
R? 0.058 0.310 0.311 0.320 0.332 0.384
0.217% 0.160 0.134 0.133 0.144 0.123
o0
BOR < 85% (0.124)  (0.113)  (0.108)  (0.108)  (0.110)  (0.104)
=
5 . L0236%  -0.274%F%  0274%%% 0 274%%%  _0285%% 0,094
g 0% =BOR=9% (0122)  (0.103)  (0.103)  (0.103)  (0.101)  (0.094)
[1+1
= 0.012 0153 0137 0135  -0149  0.043
0,
¢ BOR>95% (0168)  (0.170)  (0.174)  (0475)  (0.175)  (0.158)
L Deviation BOR <85% 0.239
'S (Within Association) (0.290)
S Deviation 90% < BOR < 95% 10.359
% (Within Association) (0.251)
% Deviation BOR > 95% -0.252
§ (Within Association) (0.375)
Z
R? 0.376 0.468 0.471 0.471 0.472 0.486
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Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

0.085 0.128 0.123 0.125 0.107 -0.013
0,

o DOR=BY (0.145)  (0.131)  (0.125)  (0.126)  (0.126)  (0.109)
(5]
£ L0.368%*%  0.321%%  0321%%  0.320%%*% .0.303%%*  -0.043
[«5] 0, 0
g 90%<BOR<95% (0.119)  (0.097)  (0.097)  (0.097)  (0.099)  (0.095)
o
[«5)
& . 0255  -0.256*  -0.254  -0.258  -0.233  -0.023
g DOR>Y (0.179)  (0.154)  (0.157)  (0.158)  (0.161)  (0.156)
4
= Deviation BOR < 85% 0.239
& (Within Association) (0.339)
= Deviation 90% < BOR < 95% -0.552%*
£ (Within Association) (0.257)
S  Deviation BOR > 95% -0.171
2  (Within Association) (0.366)
E

R? 0.292 0.478 0.478 0.478 0.479 0.509

Note: Bed occupancy rates (BOR) is a vector of four categories: <85%, 85%-90% (baseline), 90%-95%, and >95%.
Model 1 reports Pooled OLS regression of quality on bed occupancy rates controlling for year fixed effects. Model
2 includes exogenous controls and year fixed effects. Model 3 includes controls in Model 2 and beds. Model 4 (5)
includes controls in Model 3 and inpatients to beds ratio (length of stay). Model 6 shows results of the within-
between random-effects specification for Model 5 and reports the between association in the raw of the overall
association for the other models. Controls and year dummies are not reported. Standard errors are clustered at trust
level and are in parentheses. Parameters statistically significant at 1% (***), 5% (**), and 10% (*) levels are
reported next to the coefficient. Surgical mortality rates are published for 2010/11-2014/15, emergency
readmissions rates are published for 2013/14-2017/18, and health gains are published for 2010/11-2017/18. Total
observations are 669 for surgical mortality rates, 681 for emergency readmission rates, 1,047 for average health
gain after hip replacement, and 1,054 for average health gain after knee replacement.
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Table A.8 Results for the Association between Bed Occupancy Rates
and Quality (Balanced Panel)

Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Bed Occupancy Rate 0.247* 0.181** 0.193** 0.165** 0.103 0.226*
5 pancy (0.130) (0.075) (0.074) (0.068) (0.072) (0.124)
T Deviation Bed Occupancy -0.073
Rate (Within Association 0.056
R? ( : 0.017 0.502 0.503 0.523 0.517 (0.532)
£ Bed Occupancy Rate 0.265 0.264 0.330* 0.325* 0.360* 0.447
S pancy (0.257) (0.178) (0.189) (0.192) (0.193) (0.279)
‘(2’ Deviation Bed Occupancy 0.078
% Rate (Within Association) (0.212)
n R? 0.007 0.243 0.257 0.259 0.258 0.282
= 0.201 0.203 0.241 0.231 0.233 0.188
= Bed Occupancy Rate (0.304)  (0.304)  (0.296)  (0293)  (0.314)  (0.433)
g Deviation Bed Occupancy 0.292
T Rate (Within Association) (0.325)
N R2 0.005 0.104 0.106 0.108 0.106 0.117
o _ Bed Occupancy Rate 0.297 0.333 0.276 0.272 0.314 0.348
Te pancy (0.264) (0.237) (0.231) (0.232) (0.252) (0.323)
s G Deviation Bed Occupancy 0.366
z iz Rate (Within Association) (0.295)
R? 0.004 0.074 0.078 0.079 0.079 0.106
% Bed Occupancy Rate 0.023*** 0.025%** 0.028*** 0.027*** 0.022*** 0.025**
RS pancy (0.009) (0.007) (0.007) (0.006) (0.007) (0.010)
25 Deviation Bed Occupancy 0.015%**
@ 5 Rate (Within Association) (0.005)
= R? 0.098 0.356 0.370 0.377 0.383 0.396
S Bed Occupancy Rate -0.011 -0.007 -0.006 -0.007 0.003 -0.002
£3 pancy (0.018) (0.014) (0.015) (0.014) (0.014) (0.020)
g_g Deviation Bed Occupancy 0.009
LIEJ S Rate (Within Association) (0.015)
T R2 0.057 0.313 0.314 0.325 0.336 0.375
o
T & -0.016 -0.024** -0.021* -0.021* -0.021* -0.030*
I c
g Bed Ocoupancy Rate (0012)  (0011)  (0.011)  (0.011)  (0011)  (0.017)
[«5)
© & Deviation Bed Occupancy -0.005
= § Rate (Within Association) (0.013)
T g 0.392 0.489 0.492 0.492 0.492 0.500
3 -0.019 -0.026** -0.024** -0.024** -0.019* -0.032**
g 5 Bed Occupancy Rate (0.014)  (0.011)  (0.011)  (0011)  (0.011)  (0.016)
'S & Deviation Bed Occupancy 0.006
= = Rate (Within Association) (0.011)
= o
% T R 0.291 0.453 0.454 0.454 0.458 0.468

Note: Results for balanced panel. Model 1 reports Pooled OLS regression of quality on bed occupancy rates controlling
for year fixed effects. Model 2 includes exogenous controls and year fixed effects. Model 3 includes controls in Model
2 and beds. Model 4 (5) includes controls in Model 3 and inpatients to beds ratio (length of stay). Model 6 shows
results of the within-between random-effects specification for Model 5 and reports the between association in the row
of the overall association for the other models. Controls and year dummies are not reported. Standard errors are
clustered at trust level and are in parentheses. Parameters statistically significant at 1% (***), 5% (**), and 10% (*)
levels are reported next to the coefficient. SHMI = Summary Hospital-level Mortality Indicator; AMI = acute
myocardial infarction. SHMI and health gains are published for 2010/11-2017/18. Surgical mortality rates are
published for 2010/11-2014/15 and SHMI by diagnosis and emergency readmissions rates are published for 2013/14-
2017/18. Total observations are 984 for SHMI, 620 for SHMI (Stroke) and SHMI (AMI), 610 for SHMI (Hip
Fracture), 655 for surgical mortality rates, 650 for emergency readmission rates, 888 for average health gain after hip
replacement, and 896 for average health gain after knee replacement.
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Table A.9 Comparison of Within-Between Random-Effects and Fixed Effects Models

SHMI (Hip
SHMI SHMI (Stroke) SHMI (AMI) Fracture)
Model 6 FE Model 6 FE Model 6 FE Model 6 FE
Within -0.047 -0.047 0.042 0.042 0.244 0.244 0.298 0.298

Association  (0.054)  (0.054)  (0.203)  (0.200) (0.323)  (0.318)  (0.288)  (0.283)

Observations 1,104 674 669 669
R? 0.535 0.029 0.243 0.041 0.111 0.021 0.122 0.048
Surgical Emerg. Health Gain Health Gain
Mort. Rate Readmission Hip Repl. Knee Repl.
Model 6 FE Model 6 FE Model 6 FE Model 6 FE
Within 0.017***  0.017*** 0.009 0.009 0.001 0.001 -0.001 -0.001

Association  (0.005)  (0.005)  (0.014)  (0.014) (0.012)  (0.012) (0.010)  (0.010)

Observations 669 681 1,047 1,054
R? 0.395 0.247 0.374 0.335 0.482 0.561 0.499 0.489

Note: Model 6 shows the within association of the within-between random-effects specification in equation
(1.4). FE reports the within association for a hospital fixed effects model. Controls are not reported. Standard
errors are clustered at trust level and are in parentheses. Parameters statistically significant at 1% (***), 5%
(**), and 10% (*) levels are reported next to the coefficient. SHMI = Summary Hospital-level Mortality
Indicator; AMI = acute myocardial infarction; Mort = mortality; Emerg. = emergency; Repl = replacement; FE
= fixed effects. SHMI and health gains are published for 2010/11-2017/18. Surgical mortality rates are
published for 2010/11-2014/15 and SHMI by diagnosis and emergency readmissions rates are published for
2013/14-2017/18.
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Appendix B

Appendix to Chapter 2

Table B.1 Variables and Data Sources

Variables Source Years Link
Dependent Variable
e Health Waiting Lists Database L
Waiting times Registry of the Minimum Basic Dataset 2015-2019 Administrative Data
Dummy for.exceedlng Hea!th Waiting LI.S'[-S Database; 2015-2019 Administrative Data
maximum time guarantee  Registry of the Minimum Basic Dataset
Regs_ons _for exiting the Health Waiting Lists Database 2015-2019 Administrative Data
waiting list
Socioeconomic Status
Socioeconomic status Central Registry of Insured Persons 2015-2019 Administrative Data

Gender
Age
GMA score

Nationality

Year in waiting list

Month of hospital
admission

Primary diagnosis and
procedure type ICD-9-
CM codes

Basic health area of
residence

Hospital

Public or not-for-profit
hospital

Teaching hospital

Control Variables at Individual Level

Central Registry of Insured Persons 2015-2019
Central Registry of Insured Persons 2015-2019

. - . 2015-2019
Registry of the Minimum Basic Dataset (except 2018)
Central Registry of Insured Persons 2015-2019
Health Waiting Lists Database 2015-2019
Registry of the Minimum Basic Dataset 2015-2019
Health Waiting Lists Database 2015-2019
Central Registry of Insured Persons 2015-2019

Control Variables at Hospital Level

Health Waiting Lists Database 2015-2019
Own Creation using AQUAS Results

Centre 2015-2018
Registry of the Minimum Basic Dataset

Own Creation Snapshot
Catalan Health System Observatory (2017)

Administrative Data

Administrative Data
Administrative Data
Administrative Data

Administrative Data

Administrative Data

Administrative Data

Administrative Data

Administrative Data

https://aquas.gencat.cat/ca/a
mbits/ossc/central-resultats/

http://observatorisalut.gencat
.cat/web/.content/minisite/ob
servatorisalut/ossc_central_r
esultats/informes/fitxers_est

atics/Central_resultats_form

acio_especialitzada_hospital

aria_dades_2017.pdf

147


https://aquas.gencat.cat/ca/ambits/ossc/central-resultats/
https://aquas.gencat.cat/ca/ambits/ossc/central-resultats/
http://observatorisalut.gencat.cat/web/.content/minisite/observatorisalut/ossc_central_resultats/informes/fitxers_estatics/Central_resultats_formacio_especialitzada_hospitalaria_dades_2017.pdf
http://observatorisalut.gencat.cat/web/.content/minisite/observatorisalut/ossc_central_resultats/informes/fitxers_estatics/Central_resultats_formacio_especialitzada_hospitalaria_dades_2017.pdf
http://observatorisalut.gencat.cat/web/.content/minisite/observatorisalut/ossc_central_resultats/informes/fitxers_estatics/Central_resultats_formacio_especialitzada_hospitalaria_dades_2017.pdf
http://observatorisalut.gencat.cat/web/.content/minisite/observatorisalut/ossc_central_resultats/informes/fitxers_estatics/Central_resultats_formacio_especialitzada_hospitalaria_dades_2017.pdf
http://observatorisalut.gencat.cat/web/.content/minisite/observatorisalut/ossc_central_resultats/informes/fitxers_estatics/Central_resultats_formacio_especialitzada_hospitalaria_dades_2017.pdf
http://observatorisalut.gencat.cat/web/.content/minisite/observatorisalut/ossc_central_resultats/informes/fitxers_estatics/Central_resultats_formacio_especialitzada_hospitalaria_dades_2017.pdf
http://observatorisalut.gencat.cat/web/.content/minisite/observatorisalut/ossc_central_resultats/informes/fitxers_estatics/Central_resultats_formacio_especialitzada_hospitalaria_dades_2017.pdf

Table B.2 Procedure ICD Codes for Planned Surgeries

Procedure ICD-9-CM Codes ICD-10-PCS Codes
Hip Replacement 81.51-81.53 0SR[9,A,B,E,R,S]0%, 0SW[9,A,B,E,R,S][0,3,4][9,B,J]Z
Knee Replacement  81.54-81.55 OSR[C,D]0J[9,A,Z], OSR[C,D]0[7,K]Z
Cataract Surgery 13.1-13.8 08D[J,K]3ZZ, 08R[J,K]3JZ, 08P[J,K]3JZ
Prostatectomy 60.2-60.6 0V[B,T,5]0[0,7,8]2Z
Hysterectomy 68.3-68.7, 68.9 0uUT9 77
CABG 36.1 021[0,1,2,3][0,4]%

Note: Meaning of ICD-10-PCS codes’ symbols: [] possible codes in the position, any value in the position,
and % any value until the seventh position included. The source of data of the corresponding ICD-9-CM
and ICD-10-PCS procedure codes is the OECD Statistics data collection on waiting times (focusing on
Spain) for planned procedures (https://stats.oecd.org/Index.aspx?DataSetCode=HEALTH_PROQOC).
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Table B.3 Diagnosis and Procedure ICD Codes for Cancer Surgeries

Diagnosis Procedure
Cancer
ICD-9-CM Codes  ICD-10-CM Codes ICD-9-CM Codes ICD-10-PCS Codes
85.20-85.23, 85.25, OH5[T,U,V][X,0,3,7,8]ZZ, OHB[T,U,V][X,0,3,7,8]ZZ,
Female Breast 174, 233.0 C50._1, D05 85.33-85.36, 85.4,40.23,  07B[3,4,5,6,7][0,3,4]2Z, OH[0,R][T,U,V][0,3]JZ, OHT[T,U,V]0ZZ,
40.29, 40.3 07T[5,6,7,8,9]0ZZ, OKT[H,J]0ZZ
60.2-60.6, 40.24, 40.29, 0V[5,B]10[0,3,4,7,8]2Z, 0V T0[0,4,7,8]ZZ, OV T3[0,4]2Z,
Prostate 185, 233.4 C61, D07.5 403 07B[C.D.F,G.H,J][0,3.4]2Z
Colorectl 153,1540-1541,  C18, C19-C20, L e ets 0DBE[034,7,812Z, 0DT[F K,G.LMN][04,7 8 F]ZZ,
154.8, 230.3-230.4 C21.8, D01.0-D01.2 48.36 48' 4-;186l T 0DTEJ0,4,7,8]2Z, 0DBP[0,3,4,7,8]ZZ, 0DTP[0,4,7,8]2Z, OD1IN[0,4]Z4
Lung 162, 231.1-231.2 C33-C34, D02.1- 32.20,32.29, 32.3-32.5 0BB[K,L,M][0,3,4,7]ZZ, 0B5[K,L,M][0,3,7]ZZ, OBB[C,D,F,G,H,J]4ZZ,

D02.2 0BT[C,D,F,G,H,J,K,L,M][0,4]2Z

Note: Meaning of ICD-10-PCS/ ICD-10-CM codes’ symbols: [] possible codes in the position, and _ any value in the position. The source of data of the
ICD-9-CM and ICD-10-CM diagnosis codes is the OECD Statistics data collection on cancer care
(https://stats.oecd.org/Index.aspx?DataSetCode=HEALTH_PROC). We also include codes for carcinoma in situ. The information of the different
procedures for each type of cancer comes from the American Cancer Society (https://www.cancer.org) and National Cancer Institute
(https://lwww.cancer.gov), and the ICD-9-CM and ICD-10-PCS procedure codes are derived from three websites (http://www.icd9data.com,
https://www.icd10data.com, and https://www.fortherecordmag.com). All codes have been checked by the coordinator of the cancer screening office of the
Catalan Department of Health.
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Table B.4 ICD Codes for Procedure Type and Primary Diagnosis for Planned Surgeries

Procedure Procedure Type Primary Diagnosis
1CD-9-CM Codes Description ICD-9-CM Codes Description
81.51 Total hip replacement 715 Osteoarthrosis
81.52 Partial hip replacement 710-714, 716 Other arthropathies
81.53 Revision hip replacement 717-719 Joint disorders
720-729 Dorsopathies and rheumatism
= 730-739 Oste(_)pathles, chondropathles,. _ and
= acquired musculoskeletal deformities
8 740-759 Congenital anomalies
§ 808, 820, 821 Fracture of femur or pelvis
j=3 800-995, except 808, 820, 821 Other injuries
T . . .
996-999 Complications of surglcz_al_ and medical
care, not elsewhere classified
\V43.64 Issues with hip replaced by other means
than transplant
001-999, V, E, except above codes  Others
81.54 Total knee replacement 715 Osteoarthrosis
81.55 Revision knee replacement 710-714, 716 Other arthropathies
717-719 Joint disorders
= 720-729 Dorsopathies and rheumatism
% 730-739 Osteopathies, chondropathies, and
< acquired musculoskeletal deformities
4 800-995 Other injuries
[<5] . . . .
e 996-999 Complications of surgical and medical
! - - g
care, not elsewhere classified
V43,65 Issues with knee replaced by other

001-999, V, E, except above codes

means than transplant
Others
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Procedure Procedure Type Primary Diagnosis
ICD-9-CM Codes Description ICD-9-CM Codes Description
131 Intracapsular extraction of lens 366 Cataracts
13.2 Extracgpsular _extractlon of lens by linear 249.5, 250.5, 361-362 R(_etlnal dlsord(_ers and_ dlabe_tes mellitus
extraction technique with ophthalmic manifestations
% 13.3 Ext_racgpsular _ex}rac_ﬂon of 'Iens by simple 365 Glaucoma
o aspiration (and irrigation) technique
c% Extracapsular extraction of lens by fragmentation
8 134 psty : Y irag 368-369 Visual disturbances and blindness
S and aspiration technique
£ 135 Other extracapsular extraction of lens 360, 363-364, 367, 370-379 Other eye disorders
© 13.6 Other cataract extraction 740-759 Congenital anomalies
13.7 Insertion of prosthetic lens [pseudophakos] 996-999 Complications of surglcgl_ and medical
care, not elsewhere classified
13.8 Removal of implanted lens 001-999, V, E, except above codes  Others
60.2-60.4, 60.6 Transurethral, suprapubic, retropubic, and other 299 2 Benign neoplasm of prostate
prostatectomy
. 186-189, 198.82, 222-223 (except Other neoplasms of male genital and
605 Radical prostatectomy 222.2), 233.5-233.9 urinary organs
>
g 580-599 Diseases of the urinary system
= 600 Hyperplasia of prostate
% 601-602 Other diseases of prostate
a 603-608 Other diseases of male genital organs
788 Symptoms involving urinary system
Elevated prostate specific antigen
790.93 [PSA]
001-999, V, E, except above codes  Others
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Procedure Type

Primary Diagnosis

Procedure ICD-9-CM Codes Description ICD-9-CM Codes Description
68.3 Subtotal abdominal hysterectomy 218-219 Benign neoplasm of uterus
68.4-68.9 Total gt_)dominal hysterectomy and other and 290 Benign neoplasm of ovary
- unspecified hysterectomy
5 68.5 Vaginal hysterectomy 181, 184, 198.82, 221, 233.3 Other neoplasms of female genital organs
% 68.6 Radical abdominal hysterectomy 617 Endometriosis
2 68.7 Radical vaginal hysterectomy 618 Genital prolapse
= 614-616, 619-629 Other diseases of female genital tract
740-759 Congenital anomalies
001-999, V, E, except above codes  Others
36.10 ﬁ&%ﬁﬁg&?g&ggg?ﬁ; dfor heart revascularization, 410 Acute myocardial infarction
36.11 (Aorto)coronary bypass of one coronary artery 411-414, 429 Other forms of ischemic heart disease
36.12 (Aorto)coronary bypass of two coronary arteries 390-459, except 410-414, 429 Other diseases of the circulatory system
g 36.13 (Aorto)coronary bypass of three coronary arteries  001-999, V, E, except above codes  Others
S 36.14 (Aorf[o)coronary bypass of four or more coronary
arteries
36.15 Single internal mammary-coronary artery bypass
36.16 Double internal mammary-coronary artery bypass
36.19 Other  bypass  anastomosis

revascularization

Note: ICD-9-CM diagnosis and procedures codes with their descriptions grouped to create the categories of the variables procedure type and primary diagnosis. There is an
additional category named "unclassified codes" for the variable primary diagnosis which is not reported since it is formed by the ICD-10-CM codes that map to several ICD-
9-CM codes belonging to different categories of the variable primary diagnosis. The reason is that these ICD-10-CM codes have been reported in their short version. The ICD-
10-CM codes are: M0540, M05421, M00072, S7200, S3260, S7203, S838X, T148, T1490, S70, T8403, T84030, T8402, T84020, T84022, T84, T84092, T843, T8451, T8452,
R252, R6521 for hip replacement (0.08% of the sample), M00061, M00062, M00861, M00862, M0540, M05412, M05431, M2010, S5031, S5213, S5250, S5260, S5290,
S7210, S820, S8320, S838X, T07, T148, T1490, T8402, T84032, T84033, T84039, T84093, T8484, T84498 for knee replacement (0.09% of the sample), E083, E0836, E0936,
E1036, E1336, E113, E1136, H353, H547, H442, H579, Q150, T8131, T852, T8522, T8529 for cataract surgery (0.1% of the sample), M3215, N42, R102 for prostatectomy
(0.17% of the sample), and R102 for hysterectomy (0.08% of the sample). Underlined primary diagnoses and procedure types are the ones included in Table B.9.



Table B.5 ICD Codes for Procedure Type and Primary Diagnosis for Cancer Surgeries
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Cancer Procedure Type Primary Diagnosis
ICD-9-CM Codes Description ICD-9-CM Codes Description
3 85.4 Mastectomy 174 Malignant neoplasm of female breast
% 5 85.20-85.23, 85.25 Excision or destruction of breast tissue 233.0 Carcinoma in situ of breast
@ § 85.33-85.36 Subcutaneous mammectomy
© O R .. .
= 40.23, 40.29. 40.3 Slmple excision of Iymp_hatlc structure and
o regional lymph node excision
3 60.2-60.4, 60.6 Transurethral, suprapubic, - retropubic, - and 185 Malignant neoplasm of prostate
S other prostatectomy
o
@ 60.5 Radical prostatectomy 2334 Carcinoma in situ of prostate
m - - - -
g 40.24, 40.29. 40.3 Slmple excision of Iymp_hatlc structure and
a regional lymph node excision
17.33-17.36 Laparoscopic partial excision of large intestine 153 Malignant neoplasm of colon
5 45.41-45.42 Local excision of lesion or tissue or endoscopic 15, o 1541 1548 Malignant neoplasm of rectum
e polypectomy of large intestine
[+ . ..
© 45.73-45.76 _Open_ and_other partial excision of large 230.3 Carcinoma in situ of colon
s intestine
g 45.8 Total intra-abdominal colectomy 230.4 Carcinoma in situ of rectum
S 48.35-48.36 Local excision of lesion or tissue or endoscopic
polypectomy of rectum
48.4-48.6 Resection of rectum
D 32.20, 32.29, 32.3 Local excision or destructlon_of lesion or tissue 162.0 Malignant neoplasm of trachea
e of lung and segmental resection of lung
8 32.4 Lobectomy of lung 162.2-162.9 Malignant neoplasm of lung and bronchus
D
S 325 Pneumonectomy 231.1 Carcinoma in situ of trachea
-
231.2 Carcinoma in situ of lung and bronchus

Note: ICD-9-CM diagnosis and procedures codes with their descriptions grouped to create the categories of the variables procedure type and primary
diagnosis. Underlined primary diagnoses and procedure types are the ones included in Table B.9.



Table B.6 Percentage of Patients by Income Group and High and
Low Waiting Times for Planned Surgeries

Low Waiting Time High Waiting Time
Income Group o ] ]
Waiting Time < Median Waiting Time > Median

Very low 51.14% 48.86%
Low 49.04% 50.96%
Middle 50.80% 49.20%
High 67.02% 32.98%
Total 49.55% 50.45%

Table B.7 Percentage of Patients by Income Group and High and
Low Waiting Times for Cancer Surgeries

Low Waiting Time High Waiting Time
Income Group . . .
Waiting Time < Median Waiting Time > Median

Very low 48.35% 51.65%
Low 49.09% 50.91%
Middle 50.09% 49.91%
High 56.25% 43.75%
Total 49.59% 50.41%
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Table B.8 Results for Waiting Time Inequalities by Income Group (within hospitals) and Multiple Hypotheses Testing

Hip Knee Breast Prostate  Colorectal Lung

Repla- Repla- Cataract  Prosta-  Hystere- g Cancer Cancer Cancer Cancer
Surgery  tectomy  ctomy

cement cement Surgery Surgery Surgery Surgery
Income group (Baseline: Low)
5.57 1.34 -0.01 3.45 -2.82 14.22 -0.23 3.45 2.29 0.64
Very low (0.028)** (0.570) (0.982) (0.471) (0.403)  (0.014)** (0.589) (0.028)**  (0.001)***  (0.705)
[0.084]* [0.769] [0.983] [0.673] [0.611] [0.053]* [0.769] [0.084]*  [0.008]***  [0.847]
-4.84 -1.35 -2.41 1.63 -6.07 1.25 -0.52 -1.26 0.02 -0.02
Middle (0.001)*** (0.258) (0.000)***  (0.407) (0.012)**  (0.759)  (0.006)*** (0.140) (0.936) (0.969)
[0.008]*** [0.456] [0.001]*** [0.611] [0.052]* [0.876] [0.030]** [0.318] [0.983] [0.983]
-21.09 -36.66 -21.63 -15.13 -26.85 -16.18 -0.90 -5.78 -3.06 0.56
High (0.043)**  (0.002)*** (0.000)***  (0.184) (0.309) (0.202) (0.683) (0.062)* (0.148) (0.847)
[0.118] [0.012]** [0.001]*** [0.368] [0.516] [0.379] [0.847] [0.156] [0.318] [0.942]
Observations 16,903 34,550 258,695 14,014 11,174 1,758 17,762 4,659 12,011 3,255
R? 0.333 0.393 0.372 0.323 0.391 0.412 0.273 0.333 0.370 0.372
Mean 149.2 170.4 122.9 152.9 1314 38.44 20.97 52.92 24.25 30.09

Note: Coefficients of equation (2.2) for all hospital procedures. The unit of the coefficients is days. Waiting times, income groups, and control variables
are defined in Section 2.4. Coefficients on control variables are not reported for the sake of brevity. P-values for heteroskedastic-robust standard errors
clustered at the hospital level are in parentheses and p-values correcting for multiple hypotheses testing are in square brackets. Parameters statistically
significant at 1% (***), 5% (**), and 10% (*) levels are reported next to the p-value.
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Table B.9 Results for Waiting Time Inequalities by Income Group (Restricted Sample)

Hip Knee Cataract  Prosta-  Hvstere- Breast Prostate  Colorectal Lung
Repla- Repla- y CABG Cancer Cancer Cancer Cancer
Surgery  tectomy ctomy
cement cement Surgery Surgery Surgery  Surgery

Income group (Baseline: Low)

Very low 6.20% 1.61 -0.05 1.99 -5.25 19.31** -0.20 3.87* 2.26%** 0.64
(3.15) (2.59) (0.62) (5.96) (3.94) (5.28) (0.42) (1.96) (0.64) (1.74)

_ -4.07%x 119 255%%% 042 -5.23%* 0.33 -0.56%* -0.97 -0.01 0.15
Middle (1.47) (1.26) (0.47) (2.09) (2.16) (3.57) (0.21) (0.90) (0.32) (0.42)
High -17.60 29.93**  -23.33***  .1897  -10.80 -15.59 054  -6.36*** -3.07 1.08
(11.46) (12.44) (2.62)  (13.93)  (32.48) (9.38) (2.40) (1.89) (2.18) (3.09)

Observations 13,644 29127 221211 11577 9,339 1,493 15,584 3,822 11,596 3,107
R? 0.338 0.424 0.398 0.328 0.400 0.426 0.281 0.380 0.373 0.375
Mean 153.1 171.9 123.1 159.1 136.0 39.14 21.01 53.44 24.06 30.36

Note: Coefficients of equation (2.2) for all hospital procedures including only the most common primary diagnoses and procedure types (see Table B.4 and Table
B.5). The unit of the coefficients is days. Waiting times, income groups, and control variables are defined in Section 2.4. Coefficients on control variables are
not reported for the sake of brevity. Robust-heteroskedastic standard errors clustered at the hospital level are in parentheses. Parameters statistically significant
at 1% (***), 5% (**), and 10% (*) levels are reported next to the coefficients.



Figure B.1 Distribution of Residuals

Histogram of Residuals and Normal Distribution - Hip Replacement - Histogram of Residuals and Normal Distribution - Knee Replacement
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Histogram of Residuals and Normal Distribution - Colorectal Cancer

Density

Histogram of Residuals and Normal Distribution - Cancer of Lung
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Note: Histogram of residuals after estimating the model in equation (2.2) by planned and cancer surgery
and a normal distribution with the mean and standard deviation of the residuals.
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Table C.1 Definitions and Sources of Dependent Variables

Name

Definition

Health status

Chronic allergy, asthma, and mental health disorders

Medicines
Doctor visits
Hospital visits

Emergency service visits

Source: Spanish National Health Survey (2003 & 2006)
https://www.mscbs.gob.es/estadEstudios/estadisticas/encuestaNacional

Hospitalisations per 100 individuals

Dummy variable equal to one if individual had "good" or "very good" health, and zero if
"regular”, "bad" or "very bad" health in the last twelve months.

Dummy variable equal to one if individual had been diagnosed with a specific chronic
condition (chronic allergy; asthma; mental health disorders), and zero otherwise.

Dummy variable equal to one if individual consumed any medicine in the last two weeks, and
zero otherwise.

Dummy variable equal to one if individual visited any doctor (GP or specialist) in the last four
weeks, and zero otherwise.

Dummy variable equal to one if individual stayed in hospital at least one night in the last twelve
months, and zero otherwise.

Dummy variable equal to one if individual visited any emergency service in the last twelve
months, and zero otherwise.

Hospitalisations by region of residence, cohort of birth (1984-1991), and year of hospital
discharge (1999-2018) over births by region of birth and cohort of birth (1984-1991) multiplied
per 100.

Source: Hospital Morbidity Survey (1999-2018), Birth Registries (1984-1991)
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736176778&menu=ultiDatos&idp=1254735573175
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736177007 &menu=ultiDatos&idp=1254735573002

Deaths per 10,000 individuals

Source: Death Registries (1999-2018); Birth Registries (1984-1991)

Deaths by region of birth, cohort of birth (1984-1991), and year of death (1999-2018) over
births by region of birth and cohort of birth (1984-1991) multiplied by 10,000.

https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736177008&menu=ultiDatos&idp=1254735573002
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736177007&menu=ultiDatos&idp=1254735573002



https://www.mscbs.gob.es/estadEstudios/estadisticas/encuestaNacional
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736176778&menu=ultiDatos&idp=1254735573175
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736177007&menu=ultiDatos&idp=1254735573002
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736177008&menu=ultiDatos&idp=1254735573002
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736177007&menu=ultiDatos&idp=1254735573002
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Table C.2 Definitions and Sources of Treatment and Control Variables

Name Definition

Treatment variable

Increase in public enrolment rates for three-year-olds in percentage points by
region between 1990/91 and 1993/94.

Source: Statistics of Non-tertiary Education (1987/88-2002/03), National Statistics Institute
https://www.educacionyfp.gob.es/servicios-al-ciudadano/estadisticas/no-universitaria/alumnado/matriculado.html
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736176951&menu=ultiDatos&idp=1254735572981

Public preschool increase

Control variables at the individual level

Gender Dummy variable equal to one if individual is a female, and zero if male.
Dummy variable equal to one if individual was born in a specific month, and zero
otherwise.

Dummy variable equal to one if individual was surveyed in 2006, and zero if in
2003.

Month of birth fixed effects

Survey-wave fixed effect

Source: Spanish National Health Survey (2003 & 2006)
https://www.mscbs.gob.es/estadEstudios/estadisticas/encuestaNacional

Pre-reform regional characteristics

Ratio of GDP in current prices, in euros and in 1990 (the base year is 1986) over

GDP per capita (in €) total population in 1990 by region.

Source: National Statistics Institute
https://www.ine.es/dynt3/inebase/index.htm?type=pcaxis&path=/t35/p010/a1996 &file=pcaxis
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736176951&menu=ultiDatos&idp=1254735572981

Average of quarterly regional unemployment rates derived from the Spanish
Labour Force Survey in 1990.

Average of quarterly regional female labour participation rates derived from the
Spanish Labour Force Survey in 1990.

Unemployment rate (%)

Female labour participation rate (%)

Source: National Statistics Institute
https://www.ine.es/dynt3/inebase/index.htm?type=pcaxis&path=/t22/e308/pae/px/&file=pcaxis



https://www.educacionyfp.gob.es/servicios-al-ciudadano/estadisticas/no-universitaria/alumnado/matriculado.html
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736176951&menu=ultiDatos&idp=1254735572981
https://www.mscbs.gob.es/estadEstudios/estadisticas/encuestaNacional
https://www.ine.es/dynt3/inebase/index.htm?type=pcaxis&path=/t35/p010/a1996&file=pcaxis
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736176951&menu=ultiDatos&idp=1254735572981
https://www.ine.es/dynt3/inebase/index.htm?type=pcaxis&path=/t22/e308/pae/px/&file=pcaxis
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Name Definition

Proportion of women and men population with tertiary Proportion of women and men population older than 25 with tertiary education
education (%) from the 1991 Census by region.

Source: National Statistics Institute (1991 Census)
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736176951&menu=ultiDatos&idp=1254735572981

Population (in thousands) Total population in 1990 in thousands by region.

Source: National Statistics Institute
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736176951&menu=ultiDatos&idp=1254735572981

Public enrolment rate for three-year-olds (%) Public enrolment rate for three-year-olds in 1990/91 by region.

Preschool and primary centres in 1990/91 over total population in 1990 per 100,000
individuals by region.

Source: Statistics of Non-tertiary Education (1990/91), National Statistics Institute
https://www.educacionyfp.gob.es/servicios-al-ciudadano/estadisticas/no-universitaria/alumnado/matriculado.html
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736176951&menu=ultiDatos&idp=1254735572981

Dummy variable equal to one if the regional president in 1990 belonged to a left-
wing party, and zero if belonged to a right- or centre-wing party.

Preschool and primary centres per 100,000 individuals

Regional president

Source: https://www.senado.es/web/wcm/idc/groups/public/@cta_rrdc/documents/document/mdaw/mdmy/~edisp/ccaal ptes_gobiernos.pdf

Contemporaneous reforms (used in Section 3.6.2)

Dummy variable equal to one if region of residence/birth received health and/or

Decentralisation of competences education competences before 1991/92, and zero otherwise.

Source: Bonal et al. (2005) and Costa-Font & Rico (2006)

Number of clinics that conducted at least one abortion in 1989 per 100,000

Abortion legalisation individuals at the region level.

Source: Ministry of Health, Consumer Affairs and Social Welfare (1989), National Statistics Institute
https://lwww.mscbs.gob.es/profesionales/saludPublica/prevPromocion/embarazo/docs/IVEs_anteriores/IVE_1989.pdf
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736176951&menu=ultiDatos&idp=1254735572981



https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736176951&menu=ultiDatos&idp=1254735572981
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736176951&menu=ultiDatos&idp=1254735572981
https://www.educacionyfp.gob.es/servicios-al-ciudadano/estadisticas/no-universitaria/alumnado/matriculado.html
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736176951&menu=ultiDatos&idp=1254735572981
https://www.senado.es/web/wcm/idc/groups/public/@cta_rrdc/documents/document/mdaw/mdmy/~edisp/ccaa1_ptes_gobiernos.pdf
https://www.mscbs.gob.es/profesionales/saludPublica/prevPromocion/embarazo/docs/IVEs_anteriores/IVE_1989.pdf
https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=Estadistica_C&cid=1254736176951&menu=ultiDatos&idp=1254735572981
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Name Definition

Quality measures (used in Section 3.6.2)

Preschool students over preschool units (classrooms) in 1987/88-1994/95 by
region.

Preschool students to teachers ratio Preschool students over preschool teachers in 1987/88-1994/95 by region.

Source: Statistics of Non-tertiary Education (1987/88-1994/95)
https://www.educacionyfp.gob.es/servicios-al-ciudadano/estadisticas/no-universitaria/alumnado/matriculado.html
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Table C.3 Effect of the LOGSE on Public and Private Enrolment Rates

Public Enrolment Private Enrolment

Rates Rates
T 0.7898 0.1914
(0.0006)*** (0.1306)
Observations 120 120

Note: Intention-to-treat (ITT) effects of the preschool programme on public and
private enrolment rates for 1987/88-1994/95 school years (cohorts born in 1984-
1991) from estimating equation (3.2). Enrolment rates, treatment variable and
controls are defined in Section 3.3. Control coefficients are not reported. P-values
for wild-bootstrapped clustered standard errors with 9,999 repetitions are in
parentheses. Parameters statistically significant at 1% (***), 5% (**), and 10% (*)
levels are reported next to the p-value.
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Table C.4 Estimates for Sample Characteristics

Observations DiD Estimates

Spanish National Health Survey (2003 & 2006)

Gender (=1 if female) 4,461 (-822(;)5203)
Semester of birth (=1 if first semester) 4,461 (82252)
Children aged 10 or younger present in the household 4,461 (é)gfj%
Household size 4,461 (-8??‘%;
Mother present in the household 4,461 (ggggg)
Father present in the household 4,461 ((())fggg)
Married or cohabiting parents 4,185 (-8;)3?7023)
Mother's age at child's birth 4,107 (83828)
Father's age at child's birth 3,800 (gggi%
At least one parent has secondary education 4,176 (gggég)
At least one parent has university education 4,176 (82222)
Hospitalisation Registries (1999-2018)

Gender (=1 if female) 2,323,616 (83222)
Semester of birth (=1 if first semester) 2,323,616 (83288)
Death Registries (1999-2018)

Gender (=1 if female) 13,108 (ggggg)
Semester of birth (=1 if first semester) 13,108 (-8 58571)
Different region of residence and birth 13,108 (82232)

Note: Data are drawn from the Spanish National Health Survey (2003 & 2006), Hospital Morbidity
Survey (1999-2018), Death Registries (1999-2018), and the Statistics of Non-tertiary Education
(1987/88-2002/03). Column 1 reports total observations and Column 2 shows the difference-in-
differences (DiD) estimates of characteristics for the three samples together with p-values of wild-
bootstrapped clustered standard errors with 9,999 repetitions (in parentheses). Each row in Column 2
is a separate regression of sample characteristics on exposure to the LOGSE controlling for region
and cohort fixed effects. Parental characteristics have less observations because some individuals born
in 1984-1991 do not live with their parents. Estimations using health outcomes at the individual level
are weighted using individual weights reported in the Spanish National Health Survey in 2003 and
2006. Parameters statistically significant at 1% (***), 5% (**), and 10% (*) levels are reported next
to the p-value.
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Table C.5 Association between Regional Public Preschool Increase and Interregional Mobility (Selective Migration)

Individuals Individuals Individuals Individuals Individuals

Aged 10-29 Aged 10-15 Aged 16-19 Aged 20-24 Aged 25-29
Regional public preschool increase -0.0002 -0.0001 -0.0002 -0.0003 -0.0002
(based on region of birth) (0.8174) (0.8464) (0.7384) (0.7122) (0.9165)
Regional public preschool increase 0.0005 0.0003 0.0005 0.0006 0.0006
(based on region of residence) (0.7514) (0.7359) (0.6909) (0.7214) (0.8022)
Observations 2,666,759 732,210 537,503 720,129 676,917
Mean 0.059 0.036 0.045 0.059 0.090

Note: Estimations are based on OLS regressions of the probability of residing in a region different from the region of birth at ages 10-29
(interregional mobility) on the regional percentage points increase in public enrolment rates for three-year-olds between 1990/91 and 1993/94.
Data on the outcome come from the Spanish Labour Force Survey (1999-2018) and the treatment variable is defined in Section 3.3. The OLS
regression controls for age-band and survey-wave fixed effects. Estimations are weighted using individual weights reported in the Spanish
Labour Force Survey. P-values for wild-bootstrapped clustered standard errors with 9,999 repetitions are in parentheses. Control coefficients
are not reported. The last two rows report the number of observations and the mean of the outcomes. Parameters statistically significant at 1%
(***), 5% (**), and 10% (*) levels are reported next to the p-value.
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Table C.6 Main Results without Controls

. Mental . Emergency Hospitalisations Deaths per
;Ifaitds] CATI';OrmC Asthma Health Medicines [\);)ig}g H\c}?Spi![tsal Service per 100 10,000
9y Disorders Visits Individuals Individuals
0.0005 -0.0002 -0.0012 -0.0003 -0.0018 -0.0015 0.0002 0.0004 0.0073 0.0066
ITT (0.0006) (0.0007) (0.0006)* (0.0004) (0.0010)* (0.0008)*  (0.0004) (0.0011) (0.0036)* (0.0052)
[0.7910] [0.7652] [0.2938] [0.6323] [0.2464] [0.2063] [0.6192] [0.7674] [0.1112] [0.1726]
{0.7910}  {0.7910}  {0.5880}  {0.7910}  {0.5880} {0.5880}  {0.7910} {0.7910} {0.5880} {0.5880}
Region FE v v v v v v v v v v
Cohort FE v v v v v v v v v v
Ind. controls X X X X X X X X X X
Regional controls X X X X X X X X X X
Observations 4,461 4,461 4,461 4,461 4,461 4,461 4,461 4,461 1,560 1,560
Pre-reform mean 0.878 0.152 0.069 0.029 0.451 0.347 0.048 0.329 5.658 3.554

Note: Estimations are based on OLS on equations (3.1) and (3.2) controlling for region, cohort, and survey/year of hospital discharge/year of death fixed effects.
Estimations using health outcomes at the individual level are weighted using individual weights reported in the Spanish National Health Survey in 2003 and
2006. Health outcomes and treatment variable are defined in Section 3.3. The first row presents the intention-to-treat (ITT) effects and their corresponding
standard errors and p-values. Standard errors clustered at region level are in parentheses, p-values for wild-bootstrapped clustered standard errors with 9,999
repetitions are in squared brackets, and p-values correcting for multiple hypotheses testing are in curly brackets. The last two rows report the number of
observations and the mean of health outcomes for pre-reform cohorts. Parameters statistically significant at 1% (***), 5% (**), and 10% (*) levels are reported
next to the standard error or p-value.



Table C.7 Descriptive Statistics of Controls in Robustness Checks

Obs. Mean Std. Dev. Min. Max.
Panel A: Contemporaneous reforms
Decentralisation of competences 15 0.333 0.488 0 1
Abortion legalisation 15 0.162 0.176 0 0.631
Panel B: Quality measures
Class size 120 24.43 2.413 19.15 30.95
Preschool student to teacher ratio 120 24.16 3.423 17.40 44.69

Note: Details of all variables are explained in Table C.2. Variables in Panel A are snapshots and
their descriptive statistics are computed for the 15 Spanish regions considered. Variables in Panel
B vary by region and cohort of birth and their descriptive statistics are computed for the 15
Spanish regions and eight cohorts considered. Obs = observations, Std. Dev. = standard
deviation, Min. = minimum, Max = maximum.
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Table C.8 Additional Robustness Checks

(€ el @ " (©) (4) ®) (6) O] (©)
xclusion o . . .
Baseline Richest aqd Probit Model Logit Model Igitfggcé'fcf)gcg Lme_?:eﬁghort C%%??EI?:; d é‘(‘) gnet?(_s)l
Poorest Regions
Health outcomes at the individual level
Health status 0.0002 0.0000 -0.0005 -0.0007 0.0002 0.0002 0.0002 0.0002
(0.8074) (0.8484) (0.5036) (0.4054) (0.7040) (0.7828) (0.7828) (0.8113)
Chronic allergy -0.0012 -0.0032 -0.0011 -0.0011 -0.0011 -0.0012 -0.0012 -0.0012
(0.5909) (0.1499) (0.2294) (0.2219) (0.6036) (0.5894) (0.5895) (0.5711)
Asthma -0.0021 -0.0011 -0.0018 -0.0018 -0.0020 -0.0021 -0.0021 -0.0021
(0.0158)** (0.3209) (0.0001)*** (0.0002)*** (0.0170)** (0.0170)** (0.0170)** (0.0174)*=
Mental health disorders -0.0006 -0.0015 -0.0006 -0.0008 -0.0007 -0.0006 -0.0006 -0.0006
(0.4904) (0.1053) (0.3311) (0.3855) (0.3956) (0.4886) (0.4887) (0.5203)
Medicines -0.0019 -0.0037 -0.0017 -0.0016 -0.0017 -0.0019 -0.0019 -0.0018
(0.1595) (0.1618) (0.0523)* (0.0645)* (0.2743) (0.1444) (0.1445) (0.2383)
Doctor visits 0.0011 -0.0010 0.0010 0.0010 0.0010 0.0010 0.0010 0.0011
(0.7196) (0.2632) (0.4818) (0.4383) (0.7235) (0.7367) (0.7367) (0.7127)
Hospital visits 0.0013 0.0020 0.0024 0.0027 0.0011 0.0012 0.0012 0.0013
(0.0675)* (0.2340) (0.0046)*** (0.0027)*=** (0.0832)* (0.0614)* (0.0613)* (0.0638)*
Emergency service visits 0.0023 0.0023 0.0025 0.0024 0.0020 0.0024 0.0024 0.0023
(0.2959) (0.5834) (0.0234)* (0.0234)* (0.3052) (0.2929) (0.2929) (0.2971)
Observations 4,461 4,016 4,461 4,461 4,461 4,461 4,461 4,461
Health outcomes at the region level
Hospitalisations per 100 individuals 0.0151 0.0167 - - 0.0278 0.0151 0.0151 -
(0.0108)** (0.1187) (0.0435)** (0.0108)** (0.0108)**
A 0.0035 0.0074 0.0000 0.0035 0.0035
Deaths per 10,000 individuals (0.7431) (0.4735) . - (0.9973) (0.7428) (0.7430) .
Observations 1,560 1,352 - - 1,560 1,560 1,560 -

Note: Each cell reports the intention-to-treat (ITT) effect. Estimations using health outcomes at the individual level are weighted using individual weights reported in
the Spanish National Health Survey in 2003 and 2006. Health outcomes, treatment variable, and controls are defined in Section 3.3. Column 1 shows the baseline
estimates from Table 3.3. Column 2 excludes the richest (the Balearic Islands) and poorest (Extremadura) regions based on the GDP per capita in 1990. For health
outcomes at the individual level, Columns 3 and 4 apply a probit and a logit model, respectively, and provide marginal effects. Columns 3 and 4 include APreschool;
and Post. variables instead of region and cohort fixed effects, respectively, for mental health disorders and hospital visits due to problems to calculate the maximum
likelihood estimator. Column 5 adds an interaction of region fixed effects with survey, year of hospital discharge or year of death fixed effects. Columns 6 and 7 include
the Post. variable and a linear and quadratic cohort trend, respectively, instead of cohort fixed effects. Column 8 adds individual’s age as a control variable. P-values
for wild-bootstrapped clustered standard errors with 9,999 repetitions are in parentheses. Parameters statistically significant at 1% (***), 5% (**), and 10% (*) levels
are reported next to the p-value.
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Table C.9 Heterogeneity by Hospital Diagnosis and Cause of Death

S Diseases of the Diseases of the . . - Pregnancy,
per L 10Sp Poisoning Disorders & Organs of System & P y : and the
Individuals Diagnoses System System Diseases -
Sense Blood Puerperium
T 0.0151 0.0018 0.0006 0.0002 0.0001 0.0013 0.0004 -0.0004 0.0091 0.0020
(0.0108)** (0.2900) (0.2295) (0.3863) (0.6679) (0.1457) (0.2213) (0.1486) (0.0218)**  (0.0501)*
Observations 1,560 1,560 1,560 1,560 1,560 1,560 1,560 1,560 1,560 1,560
Pre-reform mean 5.658 0.680 0.220 0.148 0.129 0.358 0.381 0.178 1.977 1.585
Deaths per External Diseases of the Diseases of the ~ Diseases of the
10.000 P All Causes Causes & Nervous System Circulatory Respiratory Others
Inéivi duals of Death Mental Health & Organs of System & System &
Disorders Sense Others Others
ITT 0.0035 0.0020 0.0024 0.0003 0.0022 -0.0035
(0.7431) (0.6825) (0.3363) (0.8072) (0.5709) (0.4992)
Observations 1,560 1,560 1,560 1,560 1,560 1,560
Pre-reform mean 3.554 2.084 0.219 0.242 0.226 0.785

Note: Each cell reports the intention-to-treat effect (ITT) by hospital diagnosis and cause of death. Health outcomes, treatment variable, and controls are defined in Section
3.3. Information related to hospital diagnoses and causes of death is explained in Appendix C.3. Control coefficients are not reported. P-values for wild-bootstrapped
clustered standard errors are in parentheses. Parameters statistically significant at 1% (***), 5% (**), and 10% (*) levels are reported next to the p-value.



Figure C.1 Preschool Enrolment Rates for Two- and Three-year-olds

100

Percentage (%)

School Year
Total Enrolment Rate Aged 2 Public Enrolment Rate Aged 2 Private Enrolment Rate Aged 2

Total Enrolment Rate Aged 3 ~ eeesee Public Enrolment Rate Aged 3 == e= Private Enrolment Rate Aged 3

Source: Spanish Ministry of Education and Vocational Training
(https://www.educacionyfp.gob.es/servicios-al-ciudadano/estadisticas/no-
universitaria/alumnado/matriculado.html).
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Figure C.2 Parallel Trends Assumption for Regional Variables by Cohort of Birth
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Note: These graphs plot the coefficients of the interactions between APreschool, and pre-reform cohort
of birth dummies, and their 95% confidence intervals for seven regional characteristics from estimating
equation (3.2). The sample contains cohorts born in 1984-1987. Cohort born in 1984 is the baseline
category. Regional characteristics are measured in the year when the cohorts were aged three (1987-
1990). Regional characteristics, treatment variable and controls are defined in Section 3.3. Confidence
intervals are estimated by wild-bootstrap cluster method with 9,999 repetitions. Observations = 60.

Point estimates are available upon request.
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Figure C.3 Parallel Trends Assumption for Health Outcomes with Binary Treatment
by Cohort of Birth
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Deaths per 10,000 Individuals Hospitalisations per 100 Individuals

Note: These graphs plot the coefficients of the interactions between Treated, and pre-reform cohort of
birth dummies, and their 95% confidence intervals for all dependent variables. Treated; is a binary
treatment that splits the list of regions in Table 3.2 at the median. The sample contains cohorts born in
1984-1987. Cohort born in 1984 is the baseline category. Estimations on health status, all chronic
conditions, consumption of medicines, and healthcare use are based on equation (3.1) and on
hospitalisations per 100 individuals and deaths per 10,000 individuals on equation (3.2). Estimations
using health outcomes at the individual level are weighted using individual weights reported in the
Spanish National Health Survey in 2003 and 2006. Health outcomes and controls are defined in Section
3.3. Confidence intervals are estimated by wild-bootstrap cluster method with 9,999 repetitions.
Observations for health outcomes at the individual level = 1,531. Observations for health outcomes at
the region level = 780. Point estimates are available upon request.
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Figure C.4 Hospitalisations per 100 Individuals by Age

08
1

06
|

04
|

| B

02
!
—e—
ro—i
-
.
—

02 0

1
—
—_
—e—t
'_

-04
1

T T T T T T T T T T T T T T
AllAges Agel5 Agelé Agel7 Agel8 Agel9 Age20 Agell Age22 Ape23 Age2d Age25 Age26  Age2?

Note: Figure C.4 plots the coefficients of APreschoolxPost. by age and their 95% confidence intervals.
Hospitalisations per 100 individuals, treatment variable, and controls are defined in Section 3.3. All
specifications are estimated by OLS. Confidence intervals are estimated by wild-bootstrap cluster
method with 9,999 repetitions. Observations for all ages are 1,560 and for each age are 120.

Figure C.5 Deaths per 10,000 Individuals by Age
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Note: Figure C.5 plots the coefficients of APreschoolxPost. by age and their 95% confidence intervals.
Deaths per 10,000 individuals, treatment variable, and controls are defined in Section 3.3. All
specifications are estimated by OLS. Confidence intervals are estimated by wild-bootstrap cluster
method with 9,999 repetitions. Observations for all ages are 1,560 and for each age are 120.
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Figure C.6 Hospitalisations per 100 Individuals by Hospital Diagnosis and Age
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Others

Note: Figure C.6 plots the coefficients of APreschool:xPost; by hospital diagnosis and age and their
95% confidence intervals. Hospitalisations per 100 individuals, treatment variable, and controls are
defined in Section 3.3. Figure C.6 focuses on (from left to right, top to bottom) hospitalisations 1) for
injury and poisoning, 2) for mental health disorders, 3) for diseases of the nervous system and organs
of sense, 4) for diseases of the circulatory system and diseases of the blood and blood-forming organs,
5) for diseases of the musculoskeletal system and connective tissue, 6) for diseases of the respiratory
system, 7) for infectious and parasitic diseases, endocrine, nutritional and metabolic diseases, and
immunity disorders, 8) for complications of pregnancy, childbirth, and the puerperium, and 9) for other
diagnoses. All specifications are estimated by OLS. Confidence intervals are estimated by wild-
bootstrap cluster method with 9,999 repetitions. Observations for all ages are 1,560 and for each age
are 120.
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Figure C.7 Deaths per 10,000 Individuals by Cause of Death and Age
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Note: Figure C.7 plots the coefficients of APreschoolxPost; by cause of death and age and their 95%
confidence intervals. Deaths per 10,000 individuals, treatment variable, and controls are defined in
Section 3.3. Figure C.7 focuses on (from left to right, top to bottom) deaths 1) for external causes of
morbidity and mortality, and mental and behavioural disorders, 2) for diseases of the nervous system
and organs of sense, 3) for diseases of the circulatory system, diseases of the blood and blood-forming
organs and certain disorders involving the immune mechanism, and diseases of the musculoskeletal
system and connective tissue, 4) for diseases of the respiratory system, certain infectious and parasitic
diseases, and endocrine, nutritional and metabolic diseases, and 5) for other causes of death. All
specifications are estimated by OLS. Confidence intervals are estimated by wild-bootstrap cluster
method with 9,999 repetitions. Observations for all ages are 1,560 and for each age are 120.
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Figure C.8 Hospitalisations per 100 Individuals by Type of Hospital Admission
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Note: Figure C.8 plots the coefficients of APreschoolrxPost. by type of hospital admission and their
95% confidence intervals for all hospitalisations. Hospitalisations per 100 individuals, treatment
variable, and controls are defined in Section 3.3. All specifications are estimated by OLS. Confidence
intervals are estimated by wild-bootstrap cluster method with 9,999 repetitions. Observations = 1,560.

Figure C.9 Hospitalisations per 100 Individuals for Pregnancy-Related Diagnoses
by Type of Hospital Admission

Ordinary Admission

Emergency Admission

Note: Figure C.9 plots the coefficients of APreschoolxPost; by type of hospital admission and their
95% confidence intervals for hospitalisations for complications of pregnancy, childbirth, and the
puerperium. Hospitalisations per 100 individuals, treatment variable, and controls are defined in Section
3.3. All specifications are estimated by OLS. Confidence intervals are estimated by wild-bootstrap

cluster method with 9,999 repetitions. Observations = 1,560.
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Appendix C.1

Derivation of Equations (3.1) and (3.2)

Equations (3.1) and (3.2) in Section 3.4 implicitly assume that pre-reform cohorts
(born in 1984-1987) were exposed to public enrolment rates for three-year-olds in
1990/91 and post-reform cohorts (born in 1988-1991) to these in 1993/94. This

appendix shows how this assumption evolves to equations (3.1) and (3.2).

First, 1 assume that health y for cohort ¢ in region r is a function of public
preschool enrolment rates for three-year-olds in ¢ and r (i.e. a kind of probability of
attending public preschool education, Preschoolf) and a set of characteristics (Wrc)
including time-invariant and time-variant regional and cohort factors. Moreover, y
depends on an idiosyncratic shock, vrc. For simplicity, subscripts i, w, and t are not
included. Thus,

Yre = f(Preschooly, W, V).

Second, | also assume that f(.) is linear and that pre-reform cohorts (Postc = 0)
were exposed to pre-policy public enrolment rates in 1990/91 since the policy was
implemented in 1991/92. Instead, post-reform cohorts (Postc = 1) are exposed to post-
policy public enrolment rates in 1993/94. Alternatively, one could use public
enrolment rates in 1992/93 and 1994/95 or public enrolment rates by ¢ and r, although
the latter does not capture the initial implementation intensity. | show that results are

robust to these alternative specifications in Section 3.6. Then:

1990/91
T

1993/94
T

Yre = 0y + 0, Preschool X (1 — Post,) + 6,Preschool X Post,

(C.1)
+ W;"Ce?) + VT'C

where 6o is the basic health of the Spanish population and 6: is the effect of public
enrolment rates in 1990/91 on the health of pre-reform cohorts. 62 is the effect of
public enrolment rates in 1993/94 on the health of post-reform cohorts, i.e. the
additional health benefit that post-reform cohorts experience due to having a higher

public preschool enrolment rate.

1993/94 1990/91

If Preschool, = Preschool.. + APreschool,, equation (C.1) is

rewritten as:
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Ve = 0o + 6?1Preschooli990/91 + (6, — 6’1)Preschooli990/91 X Post,

(C.2)
+ 6,APreschool, X Post, + W, 05 + v,,.

Notice that Preschool}**°/°" and Preschool}**°/°" x Post, can be included in
Wore. To be more precise, Preschooliggo/ s captured by region fixed effects yr and
8rand Preschool}*°°' x Post, by Zr in equations (3.1) and (3.2), thus:

Yre = 0y + 0,APreschool, X Post, + W05 + v,. (C.3)

where 6o = ao and 8o = o, and 62 = a1 and 82 = S1 in equations (3.1) and (3.2),

respectively. Then, equation (C.3) is analogous to equations (3.1) and (3.2).
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Appendix C.2

Additional Robustness Checks

Changes in individual and regional characteristics should not depend on the exposure
to the LOGSE programme. | exclude the richest and poorest regions of Spain to
homogenise the sample and further address any potential bias from differential
regional characteristics in Column 2 of Table C.8. The coefficients for most of health
outcomes become larger in magnitude (in absolute values), but they are less precisely

estimated potentially due to the small sample sizes.

I also check the sensitivity of the results by running probit and logit models for
the health outcomes at the individual level and report their marginal effects in
Columns 3 and 4 of Table C.8, respectively. The findings are robust to using non-
linear models instead of employing a linear probability model. Moreover, the results
are robust to adding interaction terms between region fixed effects and wave, year of
hospital discharge or year of death fixed effects, and substituting cohort fixed effects
by linear and quadratic cohort trends. These robustness checks can be found in
Columns 5, 6, and 7 of Table C.8.

Finally, long-term health outcomes might differ across age. Given that the age
range of individuals is large (i.e. 11-23) and post-reform cohorts are younger than pre-
reform cohorts in the Spanish National Health Survey sample, the estimated effect of
the LOGSE on long-term health could be capturing differences in ages. Column 8 of
Table C.8 adds individual’s age as a control variable and shows that the results are
robust to controlling for age differences. This robustness check cannot be done for
hospitalisations and deaths as age is defined as a linear combination of cohort fixed
effects (¢c) and time fixed effects (A:) in equation (3.2) and thus imply perfect

collinearity.
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Appendix C.3

Hospitalisations by Diagnosis and Deaths by Cause

Registries on hospitalisations by diagnosis and deaths by cause are conducted by the
National Statistics Institute. Access to data on deaths by cause has been given by the

National Statistics Institute.

Hospitalisations occurring until 2015 are coded according to the International
Classification of Diseases 91" Edition Clinical Modification (ICD-9-CM), while those
after 2016 according to the International Classification of Diseases 10" Edition
Clinical Modification (ICD-10-CM). To homogenise the sample, | map ICD-10-CM
codes to ICD-9-CM codes using the General Equivalence Mapping processed by the
Centers for Medicare and Medicaid Services®?.

The eight groups of hospitalisations by diagnosis include (ICD-9-CM codes in
parentheses):

1. Injury and poisoning (800-999).

2. Mental health disorders (290-319).

3. Diseases of the nervous system and organs of sense (320-389). Diseases of the
nervous system (320-358), diseases of the eye and adnexa (360-379), diseases of
the ear and mastoid process (380-389).

4. Diseases of the circulatory system (390-459), and diseases of the blood and blood-
forming organs (280-289).

5. Diseases of the musculoskeletal system and connective tissue (710-739).

6. Diseases of the respiratory system (460-519).

7. Infectious and parasitic diseases (001-139), and endocrine, nutritional and
metabolic diseases, and immunity disorders (240-279).

8. Complications of pregnancy, childbirth and the puerperium (630-679).

Other diagnoses: neoplasms (140-239), diseases of the digestive system (520-
579), diseases of the genitourinary system (580-629), diseases of the skin and
subcutaneous tissue (680-709), congenital anomalies (740-759), certain conditions
originating in the perinatal period (760-779), symptoms, signs and ill-defined

8 Source: https://www.cms.gov/Medicare/Coding/ICD10.
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conditions (780-799), factors influencing health status and contact with health services
(V01-Vv91), discharges without diagnosis (855-857), discharges with ICD-10-CM
codes that cannot be mapped to a unique ICD-9-CM code (0.04% of the sample).

Deaths are coded according to International Classification of Diseases 10™
Edition (ICD-10) throughout all the years in the sample. The four groups of deaths by

cause include (ICD-10 codes in parentheses):

1. External causes of morbidity and mortality (V01-Y98), and mental health and
behavioural disorders (FO0-F99).

2. Diseases of the nervous system and organs of sense. Diseases of the nervous
system (G00-G99), diseases of the eye and adnexa (H00-H59), diseases of the ear
and mastoid process (H60-H95).

3. Diseases of the circulatory system (100-199), diseases of the blood and blood-
forming organs and certain disorders involving the immune mechanism (D50-
D89), and diseases of the musculoskeletal system and connective tissue (M0O-
M99).

4. Diseases of the respiratory system (J00-J99), certain infectious and parasitic

diseases (A00-B99), and endocrine, nutritional and metabolic diseases (EO0-E90).

Others diagnoses: neoplasms (C00-D48), diseases of the digestive system (K00-
K93), diseases of the skin and subcutaneous tissue (L00-L99), diseases of the
genitourinary system (NO0-N99), pregnancy, childbirth and the puerperium (O00-
099), certain conditions originating in the perinatal period (P00-P96), congenital
malformations, deformations and chromosomal abnormalities (Q00-Q99), symptoms,
signs and abnormal clinical and laboratory findings, not elsewhere classified (R0OO-
R99).
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Appendix C4

Further Heterogeneity Analysis

Age. A heterogeneity analysis by age can be pursued for hospitalisations and deaths
as the samples are restricted so that all individuals are aged 15-27 from 1999 to 2018.
Examining these results gives the opportunity to learn whether the effects of the
Spanish universal preschool programme are different across ages given the fact that
behaviour during adolescence could be different from that in young adulthood. For
instance, individuals aged 15 might behave differently to those aged 18 or older who
can legally drink, drive, go to nightclubs, among others. Figure C.4 and Figure C.5
plot the estimates of hospitalisations and deaths by age, respectively. Figure C.4 shows
that hospitalisations rise for older individuals aged 21 or older, while Figure C.5

confirms that the LOGSE did not impact deaths at any age.

Figure C.4 emphasises that the rise in hospitalisations rates is driven by
individuals in early adulthood, who might behave riskier than teenagers but who may
also start making their first lifetime decisions (e.g. having children). To explore this,
Figure C.6 graphs the estimates for hospitalisations by hospital diagnosis and age, and
Figure C.7 for deaths by cause and age. Overall, Figure C.6 and Figure C.7 show that
the LOGSE did not affect hospitalisations for any diagnosis and age, and deaths for
any cause and age. There are two exceptions. Figure C.6 shows that there is a small
rise in hospitalisations for diseases of the musculoskeletal system at ages 18, 23, and
24. Interestingly, the estimates of hospitalisations for pregnancy-related diagnoses by
age show that the effect is significant for women aged 20-23 and thus driven by young

adult pregnancy instead of teenage pregnancy.

Type of Hospital Admission. | also estimate effects of the LOGSE on hospitalisations
by type of hospital admission (i.e. ordinary and emergency admission) in Figure C.8.
The estimates show that the positive coefficient on all hospitalisations is driven by
individuals with an emergency admission. The same result is found when focusing on
hospitalisations for pregnancy-related diagnoses in Figure C.9, which is expected

since most childbirths are admitted to hospital as an emergency case.
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