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1 | INTRODUCTION

Waiting times are a significant policy issue for health systems across several OECD countries (OECD, 2020). The combination
of health care provision that is free at the point of use and capacity constraints generates an excess demand, which translates
into a waiting list. In effect, waiting time serves as a means to ration care in the absence of a price (Iversen & Siciliani, 2011).
As a result, some patients have to wait for weeks or months before receiving treatment. Waiting times generate dissatisfaction
amongst patients due to forgone health benefits while waiting, and the risk of health deterioration (Nikolova et al., 2016). Wait-
ing times can differ substantially across countries due to differences in funding, capacity, workforce and payment systems. Due
to the COVID pandemic, much elective care was postponed and waiting times and waiting lists have risen sharply as a result.
The question of how to best reduce this backlog has received widespread attention (Maringe et al., 2020; O’Dowd, 2021; Stoye
et al., 2022; Sud et al., 2020).
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One approach to reduce waiting times is to increase health spending and allocate more resources to the hospital sector, in
particular with the view of increasing volume and reducing waiting times. However, increases in spending require funds to
be taken away from other publicly-funded activities or increases in taxation or salary contributions, which can be politically
unpopular and may result in the policy not being cost-effective. In addition, it is possible that the additional spending may not be
effective. That is, waiting times are not necessarily reduced as a result of increased spending because the increase in supply can
be offset by increases in demand, or because increased spending does not translate into higher supply. The extent to which this
occurs is an empirical question that has been examined in previous studies where supply and demand elasticities with respect
to waiting time are estimated separately.

Evidence from England suggests that the demand elasticity with respect to waiting time is around —0.1 or —0.2 (Dusheiko
et al., 2004; Gravelle et al., 2003; Martin et al., 2007; Martin & Smith, 2003; Sivey, 2012). The estimates for the supply elas-
ticity vary, with recent studies finding a lower elasticity of around 0.1 compared to earlier studies finding a higher elasticity
of around 3-5 (Gravelle et al., 2003; Martin et al., 2007; Martin & Smith, 1999, 2003; Windmeijer et al., 2005). There is only
limited evidence from other countries (Australia and Italy) about the demand and supply elasticities, with estimates likely to
differ based on institutional arrangements and funding levels (Riganti et al., 2017; Stavrunova & Yerokhin, 2011). A study
looking specifically at the part of the United States' healthcare system that provides public care to veterans found that a 10%
increase in capacity reduces primary care waiting times by 2.1% (Yee et al., 2022). Other studies have investigated whether
waiting times for publicly-funded patients differ by socioeconomic status for a given level of need (Landi et al., 2018; Monstad
et al., 2014; Moscelli et al., 2018; Siciliani, 2016), or whether patients with higher need are prioritized on the list (Gravelle &
Siciliani, 2008; Gutacker et al., 2016).

This study uses the Referral-to-Treatment (RTT) data collection in England to analyze the causal effect of hospital spend-
ing on waiting times and elective volumes in England. It exploits variations in hospital spending at the local purchaser level
(Clinical Commissioning Groups or CCGs) between 2014 and 2019. As shown in the theory section below, this can be seen as
a reduced form of the structural equations estimated in the previous literature. To address possible omitted variable bias at the
local purchaser level, we employ a first-differences panel approach to account for time-invariant unobserved factors at the CCG
level. Health spending varies significantly across CCGs but also over time with the within variation in spending accounting for
41% of overall spending variation. To further account for time-varying factors potentially correlated with waiting times and
spending, we also use an instrumental variable strategy. Hospital spending at CCG level is determined by a formula that uses
historical data related to the demand for and cost of providing health care—for example, age profile, morbidity and mortality
information and local labor market conditions, and is not related to waiting times. We instrument hospital spending with an
index that exogenously determines the overall annual spending growth based on the difference between previous years' funding
and a target spending allocation, which we refer to as “distance to target” index (see Data section for more details) and also
exhibits significant within variation (about 36% of overall variation). We complement our main analysis with data available
from the Hospital Episodes Statistics (HES) on inpatient waiting time and more refined measures of volume (emergency, elec-
tive, planned, day cases) and measures related to intensity of care (length of stay and bed days).

We make three contributions to the literature. First, we exploit variation in spending measured at local purchaser level,
which is distinct from previous literature that is at provider or small-area level. Our unit of aggregation matches well with our
focus on spending that is allocated at the purchaser level. Second, we measure waiting times from general practitioner (GP)
referral to treatment, known as the Referral-To-Treatment (RTT) waiting time, therefore going beyond the typical focus on inpa-
tient waiting time, from specialist consultation to treatment. The outpatient waiting time, from GP referral to specialist visit,
can be a significant component of the duration of the wait along the patient pathway (OECD, 2016). Moreover, there may be
gaps between the outpatient and the inpatient waiting time, which are included in the RTT waiting time but may be missed if
measuring outpatient and inpatient waiting time separately. Third, we make use of a novel instrument in the context of the wait-
ing time literature that is based on changes in the allocation formula for commissioners. We argue this is a source of exogenous
variation in hospital funding that affects waiting times only indirectly through changes in spending.

Our results are as follows. We find that the elasticity of RTT waiting time for those patients whose pathway ends with a
hospital admission (admitted pathway) to hospital spending is —0.87 but it not statistically significant at 5% level (only at the
10% level). The effect on waiting times appears quantitatively small. Given a median waiting time of 10.6 weeks, a 1% increase
in hospital spending reduces median RTT waiting time for an admitted patient by 0.6 days.'

We find no statistically significant effect of hospital spending on RTT waiting time for those patients whose treatment ends
with a specialist consultation (labeled in the official data as “non-admitted pathway”).?

Neither do we find that hospital spending increases RTT volume of elective activity for either the admitted or non-admitted
pathway. The results are corroborated by additional analysis using the alternative HES data. We find that hospital spending did
not affect inpatient waiting time (from specialist addition to list to admission to treatment), nor did it affect elective admissions,
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episodes of care, emergency admissions, or day cases. Higher spending is positively associated with length of stay, potentially
suggesting higher intensity of care, but this is only statistically significant at the 10% level, while the effect on bed days is not
significant.

The rest of the paper is organized as follows. Section 2 provides the institutional background. Section 3 outlines our theo-
retical framework. Section 4 presents the data, and Section 5 explains the methodology. Section 6 provides the results, and
Section 7 discusses and concludes.

2 | INSTITUTIONAL BACKGROUND

The United Kingdom has a predominantly public health care system that has undergone a series of pro-market reforms since
the 1990s. The National Health Service (NHS) retains a strong gatekeeping, referral system (Cylus et al., 2015). The NHS is
funded out of general taxation and health care is generally free at the point of access. In 2012 the Conservative government
passed the Health and Social Care Act, which removed barriers for the NHS to purchase some services from the private sector
and restructured the NHS purchasing bodies, introducing CCGs (Peedell, 2011; Speed & Gabe, 2013).

In the NHS, patients register with a local GP who they must consult for a referral to see a specialist (NHS England, 2019b).
Patients have a right to choose which hospital to attend for the first specialist appointment (NHS England, 2019a). The NHS
Constitution establishes a legal right for patients to receive specialist care within 18 weeks of referral, or for the NHS to offer a
range of alternative providers if this is not possible. Since the beginning of the COVID19 pandemic in March 2020, a sustained
disruption of routine health care has led to larger waiting lists and longer waiting times (NHS England, 2022e). In February
2022, the Government announced recovery funding of £8 billion for elective care and set targets of an 30% increase in activity
to address a backlog of referrals (Committee of Public Accounts, 2022; NHS England, 2022a).

3 | THEORETICAL FRAMEWORK

Our approach builds on previous studies that have estimated supply and demand functions for elective care (Martin &
Smith, 1999, 2003). The demand and supply functions can be described as:

I@D=a0+a1wi+a2xf)+agz[+ef) (1

YS =fo+prwi+hxS+pzi+ed )

where YiD and Yis denote respectively the (log of) demand and supply of health care in area i (or, alternatively, for provider i),
and w; is the (log of) waiting time (Siciliani & Iversen, 2012). We expect a; < 0 and 8, > 0. On the demand side, longer waiting
times can induce some patients to opt for the private sector if they are able to pay out of pocket or are privately insured, or seek
alternative (less invasive) medical treatments, therefore reducing demand. On the supply side, longer waiting can induce provid-
ers to increase volume if providers are altruistic and have a disutility from patients having to wait longer. In addition, in the
presence of waiting time targets, longer waiting times will translate into poorer provider performance increasing the chance of
regulatory interventions. Vector xiD
tion in the area). Vector xf contains variables which affect supply (e.g., number of doctors, number of beds, hospital spending,
and type of hospital). Vector z; contains variables which affect both the supply and the demand of services.

Under the equilibrium assumption Yl.D = YiS =Y, we can also directly write the waiting time as a function of demand and
supply shifters. We obtain:

contains variables that affect demand (e.g., the health needs and overall size of the popula-

wi=y0+y1xil)+y2xf+ygzi+e;” (3)

where y, = (a, — B)/(B, — ), v, = a/(B, — ), v, = =B,/(B, — @), v; = (o — B)/(B, — a,). Therefore, the effect of health
spending on reducing waiting times is given by y,, which gives the supply elasticity with respect to spending (,) divided by
sum of the supply elasticity and the demand elasticity (in absolute value) with respect to waiting times, (3, — a,)>0. Itis y, that
we are able to identify in our econometric model and is the main focus of this paper. Higher spending reduces waiting times,
but its effect is attenuated when the demand or supply elasticity is higher. This is because higher spending increases supply,
which reduces waiting times, but in turn this can encourage a higher demand of treatments and also reduce provider marginal
disutility from waiting (due to altruism or targets) therefore reducing supply.
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4 | DATA

4.1 | Waiting times and activity

We use data on RTT waiting times for elective (non-emergency) treatment published by NHS England for 182 CCGs from 2014
to 2019 (NHS England, 2022d) (see Table A1l in the Appendix for CCG list). Waiting time is defined as the period from when
a GP refers a patient to a hospital until the time a specialist treats the patient (e.g., a consultation or hospital admission if the
latter is required), and it is measured in weeks.

Three main measures of RTT waiting times are available, known as (i) the admitted pathway, (ii) the non-admitted pathway, and
(iii) the incomplete pathway. The admitted RTT waiting time captures the full (completed) duration of the patient's journey from
RTT, for all patients requiring a hospital admission (either as inpatient or day case). The non-admitted RTT instead measures the
(completed) waiting time for those patients whose pathway ended with a specialist consultation (it is “non-admitted” since it does
not require a hospital admission). Both measures include all patients whose waiting finished in a given month. Lastly, the incom-
plete RTT pathway measures the waiting time of the patients on the list at a census date. The complete pathway is more representa-
tive than the incomplete pathway, which tends to oversample patients with long waiting times (Dixon & Siciliani, 2009). Our study
concentrates on the completed pathway therefore using the RTT waiting time measure on the admitted and non-admitted pathway.

NHS England collects waiting time data from health care providers and publishes it on a monthly basis at the CCG level.?
It provides the number of patients waiting by week (<1 week, between 1 and 2 weeks, etc.). To obtain an annual measure of
waiting time that is aligned with hospital spending and to smooth seasonality (e.g., emergency care in winter tends to delay
elective procedures), we aggregate the monthly records of each year for every CCG. We next calculate the cumulative distri-
bution function of waiting times and obtain the waiting time at each decile of the distribution (i.e., 10th, 20th, ..., 80th, 90th).

We also calculate the total number of admitted and non-admitted RTTs each year for each CCG, which is the amount of
waiting list activity or volume.

Our main measure of waiting time is the median RTT waiting time (in weeks) of the admitted pathway for each CCG and
year across all specialties. We focus on the median waiting time because the distribution of waiting times is generally right
skewed, and it is also used by the NHS to monitor performance. As a supplementary analysis, we consider the waiting times of
patients at each decile of the waiting time distribution (i.e., 10th, 20th, ..., 80th, 90th). We also perform a disaggregated anal-
ysis of RTT waiting times for specific specialties with the largest volumes and longest average waiting times, namely general
surgery, trauma and orthopedics, ear nose and throat, ophthalmology and gynecology. We also perform these analyses for the
non-admitted pathway. Our annual measure of waiting time is aligned with the English financial year and the sample period ends
in March 2019 just before the beginning of COVID-19 pandemic, which severely affected health services and waiting times.

4.2 | Alternative measures of waiting times, volumes and other outcomes

We complement the analysis on waiting time and activity measures from the RTT database with additional outcomes from the
HES, which are also available by CCG and year (NHS England, 2022c): (i) total number of hospital episodes; (ii) total number
of hospital admissions; (iii) number of elective admissions, which includes planned admissions and admissions from a waiting
list; (iv) number of emergency admissions; (v) number of daycases; (vi) number of bed days; (vii) mean inpatient length of stay;
and (viii) median inpatient waiting time from addition to the waiting list to admission for treatment.

We use these alternative dependent variables to check whether our analysis is robust to alternative data sources of waiting
times and volumes. They also allow us to investigate possible mechanisms through which changes in hospital spending might
have an effect on the waiting list (e.g., changes in the number and type of admissions, or length of stay). The RTT and HES
databases are independently collected: HES is from routine hospital records, while RTT is a separate database used to monitor
waiting times. HES describes episodes of continuous spells of admitted care. For example, in situations where responsibility
for a patient's care is transferred to a second or subsequent specialist (known in England as a “consultant”), there will be two
or more HES episodes relating to the patient's stay in hospital. This is why the total number of hospital (consultant/specialist)
episodes is greater than the total number of hospital admissions. Episodes and admissions are recorded in the year in which the
care ended.

The total number of hospital admissions is defined as the sum of different types of HES admissions: emergency admissions,
elective admissions and admission as day cases. Length of stay, measured in the days, is the duration of an episode from hospital
admission to discharge. Number of bed days is the sum of the episode duration of all hospital episodes within the year. Day
cases, which imply that the patient is discharged on the same day as admission and therefore has a length of stay of 0 days, are
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excluded from the calculation of length of stay. The inpatient waiting time is the time from the specialist decision to add the
patient on the waiting list to admission for treatment and is measured in weeks. By definition, this HES inpatient waiting time
is shorter than the RTT admitted waiting time because the latter measures the complete care pathway from GP RTT, there-
fore including both outpatient and inpatient waiting time.

4.3 | Hospital spending

Our data on hospital spending by CCG for financial years 2014-2019 are from NHS England's allocations of funding (NHS
England, 2020a). These annual allocations of funding to each CCG consist of three streams of healthcare services: “core services,”
“primary care” and “specialized services.” Our study uses the funding for “core services” of which approximately two-thirds
is assigned to hospital-based care and one-third assigned to community-based care and mental health (NHS England, 2020b).
We refer to this stream as “hospital spending” for short. We therefore exclude the separately reported “primary care” funding
stream, as this does not directly affect the supply of elective hospitalizations. We also exclude “specialized services” for uncom-
mon conditions, for which there are few providers and costs are very high. In 2019 “core services” represented 75% of CCG
funding, while “primary care” and “specialized services” accounted respectively for 8% and 17% of the funding.

Each CCG's allocation of funding per person is determined by (i) a target funding allocation, which is based on a weighted capi-
tation model, and (ii) a “distance from target (DFT)” index which determines the annual growth from the previous year's allocation
toward the target. The CCG funding allocation is given by the product of (i) and (ii), which are described in more detail below.

The weighted capitation model for the target funding allocation (i) is based on a CCG's population size, which is risk
adjusted for the demographic profile of the local population using an age index, and for the level of health inequalities and
unmet need using an additional needs index that captures local deprivation and the standardized mortality ratio (i.e., excess
deaths). The capitation model is also adjusted using an input prices index that reflects unavoidable differences in the costs of
delivering health services including remoteness and input prices (e.g., staff, buildings and equipment). Each of these three
indices is a relative index with the national average given a value of one.*

Finally, the target funding allocation (i) is adjusted using the DFT index (ii). This index is based on (a) the percentage difference
between the previous year's funding allocation and the target funding allocation, and (b) a pace of change policy (NHS England, 2020b).
The pace of change policy is set nationally and aims to move CCGs toward their target allocations over time smoothing potentially
large fluctuations in funding. Those furthest below (above) target will see the largest annual increase (decrease) in allocations. A
separate DFT index is calculated annually for each CCG and each funding stream. As explained below in the Methods section, we
use the distance to target index for CCG “core services” as the basis for an instrumental variable for hospital spending.

Our hospital spending variable is measured per capita to allow comparisons across CCGs with different population size.

44 | Demand-side and supply-side control variables

We control for a range of demand-side factors associated with need that potentially influence waiting times. We use NHS England's
age group demographics for each CCG from 2014 to 2019 (percentage of total population including 0-9, 10-19, 20-29, ..., 70-79,
>80 years old) (Office for National Statistics, 2020). We also control for socioeconomic status using six out of seven English
Indices of Deprivation, including the domains for income, employment, education, crime, living environment, and barriers to
housing and services (McLennan et al., 2019; Ministry of Housing, Communities and Local Government, 2019). We exclude the
health domain because it contains health outcomes that may themselves be affected by hospital expenditure. We also exclude the
overall Index of Multiple Deprivation (IMD), which is a weighted aggregate of the separate domains, to avoid multicollinearity.
Regarding the included indices of deprivation, the income domain measures the proportion of the population in an area who
experience deprivation relating to low income. The definition of low income includes people who are out-of-work, as well as
those who are in-work, but with low earnings. The education domain measures the proportion of the working age population
in an area who are involuntarily excluded from the labor market. This includes people who would like to work but are unable
to do so because of unemployment, sickness, disability, or caring responsibilities. The education domain and crime domain
respectively measure the lack of attainment of skills in the local population and the risk of personal and material victimization.
The living environment domain measures the quality of the local environment including both the quality of indoor living such
as housing, and the quality of outdoor living such as air pollution and road traffic accidents. Lastly, the barriers to housing
and services domain measures the physical proximity and financial accessibility of housing and local services. The depriva-
tion scores of local areas are population-weighted and aggregated to obtain an average score for the overarching CCG. While
income and employment have a common interval scale, the other domains have unique ordinal scales. For interpretation and
comparability, we use each CCG's percentile rank based on its domain score (0 = most deprived CCG, 0.5 median CCG score,
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1 = least deprived CCG). The values for 2014 were equated to those from the 2011 IMD survey, and the values for 2016-2018
were estimated using linear interpolation between the surveys of 2015 and 2019.

On the supply side, we control for geographic and temporal differences in input prices using the NHS England market
forces factor (MFF) index. Specifically, MFF reflects differences in average health care provider costs for staff, buildings and
equipment between CCGs. We estimate by linear interpolation the values between 2014 and 2019 published by NHS England.

S | METHODS

Our empirical strategy aims at estimating the causal effect of hospital spending by CCGs on waiting times for elective treatments.
As highlighted by our theoretical framework, there may be omitted factors that affect both the demand for and the supply of health
services and therefore correlate with hospital spending and waiting times. For example, a sicker population will translate into a higher
demand, increasing waiting time, but also into a higher supply through higher allocation of hospital spending. Urban areas may have
a higher cost of delivering services, potentially reducing supply, and higher demand of services due to environmental factors (e.g.,
pollution) therefore increasing waiting times. Many of these factors will be persistent across geographical areas and commissioners.
To control for time-invariant differences in demand and supply factors, we therefore use a first-differences approach’:

AWir = BASi + AXD P + AXT yS + Asiy' + Acir )

where AW, = W, — W, _, is the difference in median RTT waiting time in CCG i between year tand t — 1, AS, =S, — S,_, is
the difference in nominal hospital spending per capita between year ¢ and ¢ — 1.

Some demand and supply factors may be time-varying. On the demand side, we control for time-varying factors related to demo-
graphics and socioeconomic status, X l? . Similarly, on the supply side, we control for variations over time of hospital input costs, X 5 .

Ad, = 6, — 6,_, is the difference between year effects to control for common trends that are uniform across CCGs in waiting
time and spending over time, for example, due national price inflation or changes in the financial climate and generosity of
funding for the health sector. ¢, is an idiosyncratic error term. Both waiting times and hospital spending are measured in logs,
while all other variables are untransformed.

The coefficient of interest is 5. We expect that CCGs that had sharper increases in hospital spending over time experienced
a larger reduction in waiting times relative to CCGs with smaller increases in hospital spending. We therefore expect f to be
negative. We estimate model (1) in Equation (4) by OLS using CCG population weights and robust standard errors that are
clustered at CCG level.

The coefficient § will be unbiased if variations in hospital spending over time are exogenous, while possible bias may arise in the
presence reverse causality and time-varying omitted variable bias. Hospital spending per capita for a given CCG is determined by the
formula described in the Data section. The formula is calculated using historical data relating to the demand for and cost of provid-
ing health care—for example, age profile, morbidity and mortality information and local labor market conditions, and is not related
to waiting times. We therefore do not consider reverse causality to be an issue in our analysis. However, there may be time-varying
factors that are omitted from our econometric model that affect the level of hospital spending. While the first-differences approach
eliminates the possibility of time-invariant unobserved factors, omitted variable bias could still occur through time-varying unob-
served supply- or demand-side factors that are associated with spending allocation and may also influence waiting times.

We therefore complement our main analysis with an instrumental variable approach. We instrument hospital spending with
the DFT index. Recall that this index determines the overall annual spending growth from the previous year's allocation toward
the target. The DFT index directly and exogenously affects hospital spending at the CCG level by determining the growth of
budget allocations. An index greater (less) than one means a CCG's current allocation is above (below) the target allocation
so that hospital spending needs to decrease (increase) over time to reach the target. Unobserved hospital demand and supply
shocks at the CCG level could affect waiting times and hospital spending, but will not affect the DFT index. More formally, the
first stage regression of our first difference model is:

ASit = bAZi + AXD g° + AX;) g% + A6 g' + Aeir (5)

where Z, is an instrument, the DFT index. We therefore claim that the DFT index directly and exogenously affects hospital
spending at the CCG level by determining the growth of budget allocations without directly affecting waiting times (only indi-
rectly through increased spending).

For our IV strategy to be valid, the instrument has to be a strong exogenous predictor of hospital spending (relevance) and
the instrument should not be correlated with the error term in the second-stage regression, conditional on the covariates (i.e.,
the exclusion restriction). We discuss these two conditions in turn.
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In terms of relevance, the distance to target index is correlated to hospital finding through (a) the percentage difference between
the previous year's funding allocation and the target funding allocation, and (b) the pace of change policy (NHS England, 2020b).
The formula itself, which is used to estimate health care need for the target allocation, is periodically revised (although not during the
period covered in our analysis). If allocations were revised strictly in line with the targets, there would be substantial re-allocations
of funding that would potentially result in major disruptions in services. As such, CCG allocations are only revised partially so that
they transition toward target over time. This is operationalized through the pace-of-change policy. The pace of change policy deter-
mines how quickly CCGs should move toward their target allocations and is informed by policy considerations such as the maxi-
mum decrease and maximum increase in spending that can be implemented without unduly affecting the availability, quality and
efficiency of services, rather than outcomes such as waiting times and mortality (NHS England, 2020b). The difference between
the allocation given to a CCG and the target allocation is known as the DFT index, which we use as our instrumental variable.

In addition to being valid, our instrument needs also to satisfy the exclusion restriction. Our IV strategy is based on changes
in the DFT index, which in turn depends upon the pace of change policy. We argue that the pace of change policy, which is a
key determinant of distance to target, is mostly politically determined and therefore not affected by waiting times, volumes or
other outcomes. Moreover, we control for a range of time-varying demand variables that could potentially lead to both higher
hospital spending and longer waiting times (e.g., population growth, aging, increasing health needs). However, it could still be
the case that the pace of change policy is related to past changes in spending that may have a lagged effect on waiting times, the
importance of which we assess through sensitivity analysis (by including lagged hospital spending as an additional variable).

Although there is no formal test for the exclusion restriction, that is, the instrument should not be correlated with the error
term in the second-stage regression, we can indirectly test for it by investigating the correlation between the instrument and our
observed covariates. The logic is that if there is a strong statistical relationship between the IV and observed covariates, then it
is likely that such relationship may exist also with unobserved variables.

In Table A2 in the Appendix, we regress the DFT index against our vector of control variables. None of the coefficients is
statistically significant at the 5% level. Similarly, in Table A3, column (2), we regress each of the control variables (as depend-
ent variable) against the instrument (DFT index) and the remaining control variables (as independent variables, not reported).
Again, the instrument is not statistically significant at the 5% level in any of the multivariate regressions. For completeness, in
column (1) of Table A3, we also report the univariate regression of each control variable against the instrument. These findings
give us confidence that the exclusion restriction is satisfied.

Our second-stage regression is:

AWir = fASy + AXPyP + AXS v + Asiy' + Acir (6)

which is estimated by two-stage least squares (2SLS), using the Stata command xtivreg. We use CCG population weights and
robust standard errors that are clustered at CCG level.

In an analysis of heterogeneity, we estimate the effect of hospital spending at different points along the distribution of wait-
ing times. Specifically, we use the waiting time at each decile in the cumulative distribution function of waiting times as the
dependent variable (in the same manner as the median outlined above). We also conduct a separate disaggregated analysis of
median RTT waiting time by speciality (e.g., general surgery, gynecology, trauma and orthopedics).

We also perform a volume analysis with waiting list activity performed in each year. This is similar to the analysis of
hospital spending on waiting times outlined above, but where the waiting time is replaced with volume while using the same
independent variables in the first-difference model in [4]. Similarly, we use as alternative dependent variable alternative meas-
ures of waiting times and volume (including emergency admissions, day cases and bed days) from the HES, and length of stay.

6 | RESULTS
6.1 | Summary statistics

Table 1 reports the descriptive statistics of waiting time for elective treatment, volume of hospital activity and other varia-
bles from 2014 to 2019. On average, CCGs have a median RTT waiting time of 10.63 and 6.35 weeks for the admitted and
non-admitted pathways respectively (i.e., inpatient and outpatient treatment). The median HES elective admission inpatient
waiting time, which covers a shorter period from the decision to add the patient to the list to hospital admission, was 4.83 weeks.
Each year, an average of 15,737 patients started a treatment ending with an admission and 53,410 patients started a treatment
not ending with a hospital admission. On average, CCGs had 103,785 hospital admissions, which consisted of approximately
40% elective admissions, 30% emergency admissions and 30% day cases. The average number of total bed days was 221,144
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TABLE 1 Descriptive statistics. Years 2014-2019.

Standard deviation

Obs. Mean Overall Between Within Min Max

Elective waiting time

Admitted pathway median waiting time (weeks), RTT 1089 10.63 1.93 1.64 1.02 5.00 17.00
Nonadmitted pathway median waiting time (weeks), RTT ~ 1089 6.35 1.16 0.93 0.69 3.00 10.00
Elective admission median waiting time (weeks), HES 1089 4.83 0.70 0.60 0.37 2.14 8.57
Hospital activity (volume) and other outcomes
Admitted pathway waiting list activity, RTT 1089 15,737 9074 8787 2429 1486 75,155
Nonadmitted pathway waiting list activity, RTT 1089 53,410 27,349 25,836 9496 3178 192,219
Total episodes, HES 1089 94,345 46,936 46,890 6531 24,943 307,810
Total admissions, HES 1089 103,785 51,926 51,855 7385 28,351 360,140
Elective admissions, HES 1089 41,170 20,763 20,746 2827 11,406 144,351
Waiting admissions, HES 1089 30,143 14,591 14,510 2264 7944 96,679
Planned admissions, HES 1089 11,028 7310 7205 1624 881 50,005
Emergency admissions, HES 1089 28,572 14,528 14,421 2523 7335 100,245
Day cases, HES 1089 34,042 17,283 17,213 2827 8474 120,382
Bed days, HES 1089 221,144 115,974 115,117 20,041 64,725 1,050,072
Length of stay mean (days), HES 1089  4.81 0.62 0.50 0.37 2.75 7.98
Hospital spending, IV and controls
Hospital spending per capita (£) 1089 1229 135 123 56 878 1693
Distance from target index 1089 1.004 0.050 0.047 0.018 0.880 1.339
Market forces factor index 1089 0.999 0.066 0.066 0.001 0.927 1.160
Population 0-9 years (%) 1089 0.117 0.015 0.015 0.002 0.075 0.181
Population 10-19 (%) 1089  0.111 0.010 0.010 0.001 0.076 0.166
Population 20-29 (%) 1089  0.133 0.031 0.031 0.003 0.088 0.265
Population 30-39 (%) 1089  0.139 0.033 0.032 0.004 0.088 0.263
Population 4049 (%) 1089  0.137 0.011 0.009 0.006 0.110 0.174
Population 50-59 (%) 1089  0.133 0.015 0.014 0.003 0.070 0.161
Population 60-69 (%) 1089  0.106 0.022 0.022 0.003 0.041 0.163
Population 70-79 (%) 1089  0.077 0.022 0.021 0.005 0.022 0.142
Population 80 plus (%) 1089  0.047 0.013 0.013 0.001 0.015 0.084
IMD income 1089  0.499 0.290 0.290 0.016 0.000 1.000
IMD employment 1089  0.499 0.290 0.290 0.019 0.000 1.000
IMD education 1089  0.500 0.291 0.290 0.024 0.000 1.000
IMD crime 1089  0.500 0.290 0.284 0.063 0.000 1.000
IMD living environment 1089  0.501 0.288 0.286 0.041 0.000 1.000
IMD barriers to housing & services 1089 0.499 0.292 0.288 0.048 0.000 1.000

Note: Values are measured for each year and CCG. RTT is the time from when a GP refers a patient to a hospital until the time a specialist treats the patient. RTT is also
the main database on elective waiting times and waiting list activity. HES is a complementary database from routine hospital records, which are collected independently
from RTT data. Age groups are measured as a percentage of a CCG's total population. The IMD are measured as a CCG's percentile ranking (i.e., equal to O for the
most deprived CCG and equal to 1 for the least deprived CCG for a given index and year). Sample period includes six financial years 2014-2019 (e.g., the 2014
financial year is April 2014 to March 2015).

Abbreviations: CCG, Clinical Commission Group; HES, Hospital Episode Statistics; IMD, indices of multiple deprivation; RTT, referral-to-treatment.

and the mean length of stay was 4.81 days. Mean hospital spending per capita was £1229. The mean DFT index, which recall
determines the overall annual spending growth from the previous year's allocation toward the target, is equal to one.

Waiting time, volumes and hospital spending exhibit large within and between variation. The within variation for wait-
ing times is at least 50% of the overall variation. For volume, it is 27% and 35% of the overall variation for the admitted and
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non-admitted pathway, respectively. For health spending it is about 41% of overall variation. In relation to the IV, we observe
a comparable within variation. For the distance to target index, the within variation accounts for 36% of the overall variation.

Figure 1 shows the median RTT waiting time for the admitted and non-admitted pathways from 2014 to the middle of 2022.
Over the period of analysis from April 2014 to March 2020, the waiting time for the admitted (inpatient) pathway steadily
increased from 9.2 to 11.8 weeks (an increase of 28%). The waiting time for the non-admitted (outpatient) pathway also rose
from 5.6 to 7.0 weeks (an increase of 25%). The distribution of median waiting times across CCGs is close to be normally
distributed although the waiting time of individual patients tends to be right-skewed (i.e., most patients receive treatment within
3 months but some wait much longer up to over a year). Figure 2 shows the number RTT patients on the waiting list (i.e., the
incomplete pathway). Over the period of analysis from April 2014 to March 2020, the waiting list increased on average by 7%
per month and the number of people waiting <18 weeks fell from 93.7% to 79.6%. The COVID19 pandemic, which is beyond
the analysis of this paper, has exacerbated prior trends.

6.2 | Elasticity of waiting times to hospital spending

Table 2 compares the first-difference OLS and 2SLS regression results for median RTT waiting time. The OLS estimated elas-
ticity of the RTT waiting time for patients whose pathway ends with a hospital admission is —0.73 and statistically significant at
the 1% level (see column [1]). The IV elasticity in column (2) of Table 2 is —0.87 and is not statistically significant at 5% level
(but only at the 10% level). These coefficients imply local purchasers that increase hospital spending by 1% reduce the median
RTT waiting time experienced by their patients by 0.73%—-0.87%.

The quantitative effect on waiting time is small. Given a median waiting time of 10.6 weeks at the sample mean and using
our IV estimate, a 1% increase in hospital spending would reduce the median RTT waiting time for an admitted patient by
0.6 days.® None of the demand or supply side controls are statistically significant while all of the year effects are significant
showing that waiting times have gradually increased over time, which is consistent with Figure 1.

Table 3 provides the results from the first-stage regression (see Table A4 in the Appendix for reduced form). Our instrument,
DFT, has an elasticity of 0.518 on health spending and it is statistically significant at the 1% level. The Kleibergen-Paap test
for under-identification implies that DFT is “relevant” and a strong predictor of hospital spending (p-value = 0.000) (H,: IV is
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TABLE 2 Regression results. RTT waiting time, admitted pathway.

@® 2
Ln(Admitted median RRT waiting time) Ln(Admitted median RRT waiting time)
First difference v
Ln(Hospital spending per capita) —0.731%%* 0.277) —0.869* (0.463)
Market forces factor 6.052 (7.037) 6.198 (6.935)
Population 0-9 0.816 (7.739) 0.575 (7.671)
Population 10-19 —2.742 (7.202) —3.086 (7.261)
Population 20-29 —-0.238 (6.899) —0.635 (6.881)
Population 30-39 —1.444 (7.17) —-1.761 (7.119)
Population 40-49 2.645 (7.324) 2.215 (7.324)
Population 50-59 —0.703 (9.073) -1.216 (8.953)
Population 60-69 0.828 (8.093) 0.32 (8.08)
Population 70-79 0.163 (8.754) -0.222 (8.752)
Population >80 (ref. group)
IMD income —0.053 (0.357) —0.069 (0.356)
IMD employment 0.017 (0.34) 0.013 (0.336)
IMD education 0.01 (0.195) 0.01 (0.193)
IMD crime —-0.131 (0.095) —0.133 (0.093)
IMD living environment -0.102 (0.135) -0.099 (0.134)
IMD housing & services 0.014 (0.099) 0.021 (0.101)
Year 2015 0.039%* (0.016) 0.0417%%* (0.016)
Year 2016 0.155%** (0.033) 0.166** (0.039)
Year 2017 0.178%** (0.043) 0.190%%** (0.048)
Year 2018 0.212%** (0.053) 0.226%** (0.06)
Year 2019 0.262%#%* (0.064) 0.278%** (0.074)
Observations 908 908
R? 0.054 0.053

Note: Robust standard errors in parenthesis.
Abbreviations: IMD, indices of multiple deprivation; RTT, referral-to-treatment.

Significance levels *p < 0.1, ¥¥p < 0.05, ***p < 0.01.

weak). The first stage F-statistic is above 130, which is considerably higher than the “rule of thumb” threshold of 10. The result
of the Hausman test suggests that hospital spending is not endogenous (p-value = 0.531) (H,,: spending is exogenous). While this
suggests that OLS is more efficient than the IV, both estimated waiting time elasticities are quantitatively similar. We emphasize
the IV result because it addresses potential endogeneity from residual time-varying omitted variables. The Ramsey RESET test
suggests that there are no neglected nonlinearities in the model (p-value = 0.531) (H,: functional form well specified).

Table 4 provides the first-difference OLS and 2SLS regression results for the non-admitted (outpatient) pathway. Unlike the
admitted pathway, we find a positive elasticity of hospital spending on median RTT waiting time for the non-admitted pathway,
which has the opposite sign to the one we hypothesize. However, the OLS estimate of 0.599 is only significant at the 10% level
and the 2SLS estimate of 0.288 is instead not significant.

6.3 | Heterogeneity along the distribution of waiting times and by speciality

Figure 3 shows the IV estimated marginal effects of hospital spending on RTT waiting times for the admitted pathway, evaluated
at each decile of the distribution (i.e., from shortest to longest wait). Specifically, we use the waiting time at different points along
the cumulative distribution function of waiting times as the dependent variable in the same manner as the median discussed
above. We find that the elasticity of waiting times to hospital spending ranges from —0.59 at the 70th percentile to —1.24 at the
20th percentile (see Table AS in the Appendix). Evaluated at the average median waiting time, we find that the marginal effect of
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TABLE 3  First stage regression. Ln(Hospital spending per capita)

Distance from target 0.518%** (0.045)
Market forces factor 0.187 (0.708)
Population 0-9 —2.187%* (0.885)
Population 10-19 —3.08%** (0.918)
Population 20-29 —2.724%*%*  (0.835)
Population 30-39 =3.119%%*  (0.87)
Population 4049 —3.481*%**  (0.876)
Population 50-59 —3.599%**  (1.03)
Population 60-69 =3.312%*  (0.932)
Population 70-79 —3.309%**:* (0.998)
Population >80 (ref. group)
IMD income —0.095%* (0.042)
IMD employment —0.007 (0.029)
IMD education 0.016 (0.026)
IMD crime —0.0003 (0.01)
IMD living environment 0.012 (0.011)
IMD housing & services 0.026%** (0.013)
Year 2015 0.013%** (0.001)
Year 2016 0.076%** (0.003)
Year 2017 0.09%%** (0.004)
Year 2018 0.105%** (0.005)
Year 2019 0.12%%* (0.007)
Observations 908
First-stage F stat 130.9
Kleibergen-Paap test for relevance p-value < 0.001 Hy: TV is weak
Hausman test for endogeneity p-value = 0.690 H: Spending is exogenous

Ramsey RESET test for nonlinearities ~ p-value = 0.531 H,;: Functional form well specified
Note: Robust standard errors in parenthesis.
Abbreviation: IMD, indices of multiple deprivation.

Significance levels *p < 0.1, **p < 0.05, ***p < 0.01.

a 1% increase in hospital spending would lead to a 0.6 days reduction in waiting time for the median admitted patient. The 95%
confidence interval of the estimated elasticity gives a range of 1.3 to 0 days decrease in the median RTT waiting time.

For the admitted pathway (i.e., ending with an inpatient admission), we observe that the marginal effect increases (in abso-
lute value) along the distribution, which implies that patients who wait longest would see the largest reduction in waiting time
from increased hospital spending. These results are significant at the 5% only at the 60th and 80th decile with an elasticity
respectively equal to —0.995 and —0.775 (while at the 10% level for the 20th, 40th, 50th and 70th decile). For the non-admitted
pathway, we find that the IV estimated elasticity of hospital spending is not significant at the 10% level for any of the deciles
along the waiting time distribution (see Table A6). The one exception is the 30% percentile, where we find an elasticity of —1.89
at the 5% significance level, and a marginal effect of a 0.4 days reduction in waiting time (see Figure A1).

Table 5 shows the first difference IV estimated elasticity of hospital spending on median RTT waiting time by speciality
for the admitted (inpatient) and non-admitted (outpatient) pathways. For the admitted pathway, we find that the majority of
specialities have a negative elasticity ranging from —0.29 (trauma and orthopedics) to —3.32 (thoracic medicine). However,
most are not significant at the 10% level or less. In the opposite direction, cardiothoracic surgery has a positive elasticity of
3.05 that is significant at the 10% level, but it is a speciality that represents <1% of all waiting list activity (see Table A7). For
the non-admitted pathway, we also find mixed results with close to half of the specialities showing a negative elasticity ranging
from —0.11 (plastic surgery) to —2.23 (general medicine), and the other half of the specialities having a positive elasticity rang-
ing from 0.34 (neurology) to 2.62 (neurosurgery). Most of the results are not significant at the 10% level or less. Gynecology
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TABLE 4 Regression results. RTT waiting time, non-admitted pathway.

@ (2)
Ln(Non-admitted median RRT waiting time) Ln(Non-admitted median RRT waiting time)
First difference v
Ln(Hospital spending per capita) 0.599* (0.305) 0.228 0.416)
Market forces factor 2.168 (3.508) 2.562 (3.442)
Population 0-9 -2.22 (8.768) —2.869 (8.597)
Population 10-19 —4.839 (9.056) —5.764 (8.916)
Population 20-29 -1.562 (8.555) —2.632 (8.386)
Population 30-39 —4.654 (8.796) —5.509 (8.695)
Population 4049 -0.334 (8.571) —1.49 (8.418)
Population 50-59 -6.977 (10.18) —8.36 (10.05)
Population 60-69 -3.118 (9.986) —4.486 (9.855)
Population 70-79 —8.384 (10.347) —9.423 (10.179)
Population >80 (ref. group)
IMD income 0.283 (0.344) 0.242 (0.344)
IMD employment 0.194 (0.319) 0.183 0.314)
IMD education 0.126 (0.276) 0.126 0.272)
IMD crime —-0.086 (0.095) —0.091 (0.092)
IMD living environment —0.283** (0.132) —0.275%%* (0.13)
IMD housing & services —0.218* (0.113) —-0.201* (0.113)
Year 2015 0.067*** (0.015) 0.071%** (0.016)
Year 2016 0.109%** (0.032) 0.137%** (0.039)
Year 2017 0.11%* (0.042) 0.143%** (0.05)
Year 2018 0.131%* (0.055) 0.168*** (0.063)
Year 2019 0.216%** (0.07) 0.259%** (0.078)
Observations 908 908
R? 0.110 0.110

Note: Median RTT waiting time. Robust standard errors in parenthesis.
Abbreviations: IMD, indices of multiple deprivation; RTT, referral-to-treatment.

Significance levels *p < 0.1, ¥¥p < 0.05, ***p < 0.01.
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and “other” specialties are the only specialities that have an elasticity that is significant at the 10% level or less and constitute a
large share of non-admitted (outpatient) waiting list activity that is >5% (see Table A7).
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TABLE 5 Regression results. IV

. o o ) Elasticity admitted pathway Elasticity non-admitted pathway
estimated elasticity of waiting time with

respect to hospital spending by speciality. All specialities —0.869* (0.463) 0.228 (0.416)
General surgery —-0.948 (0.715) —1.184 (0.846)
Urology 0.673 (0.532) —0.908 (0.683)
Trauma & orthopedics —0.294 (0.388) —1.053 (0.803)
ENT —0.883 (0.735) 1.053 (0.803)
Ophthalmology 0.221 (0.660) —-0.879 (1.037)
Oral surgery - -

Neurosurgery —0.549 (1.546) 2.617%** (0.977)
Plastic surgery —1.438 (1.110) -0.107 (1.733)
Cardiothoracic surgery 3.051* (1.585) 2.149 (3.135)
General medicine 6.138 (3.910) -2.293 (1.772)
Gastroenterology -0.461 (0.988) —1.914% (1.049)
Cardiology —-0.633 (0.887) 0.486 (0.976)
Dermatology -1.991 (1.327) 1.878* (0.963)
Thoracic medicine —3.322% (1.819) —1.758% (0.959)
Neurology -2.137 (2.009) 0.337 (1.043)
Rheumatology —2.345 (3.453) 0.115 (0.926)
Geriatric medicine - -

Gynecology —-1.232 (0.949) 1.868%* (0.885)
Other —1.782%* (1.000) 1.142* (0.664)

Note: Median RTT waiting time. Elasticity based on first difference IV estimate. Robust standard errors in
parenthesis.
Abbreviation: RTT, referral-to-treatment.

Significance levels *p < 0.1, **p < 0.05, ***p < 0.01. Estimates for oral surgery and geriatric medicine
omitted due to small annual patient volumes.

6.4 | Elasticity of waiting list activity (volume) with respect to hospital spending

Table 6 shows the first difference IV estimated elasticity of hospital spending on RTT waiting list activity (i.e., volumes of
patients) for both the admitted (inpatient) and non-admitted (outpatient) pathways. We find an elasticity in the expected direc-
tion of 0.41 and 0.88 for the admitted and non-admitted pathways respectively, with a 1% increase in spending increasing
volume by 0.4% or 0.9%. Although the order of magnitude appears to be plausible, these results are not significant at the 10%
level. Change in the volume of hospital activity is a key mechanism through which spending can impact on waiting times.
However, our analysis suggests that CCGs that had relatively higher spending over time did not have significantly higher
volumes. This can help explain the very limited or no effect of spending on waiting times.

6.5 | Elasticity of other outcomes and alternative measures of waiting times and volumes with
respect to hospital spending

Table 7 shows the elasticity of various alternative measures of waiting times, volume and other outcomes from HES data with
respect to hospital spending and also compares these additional results with the main results using RTT data. We comment the
results from our instrumental-variable specification (but also report the first-difference results, which are qualitatively similar).

In relation to inpatient waiting time, we find that elasticity of median inpatient waiting time (as measured in HES) with respect to
hospital spending is —0.619 but is not statistically significant. This is largely consistent with the elasticity of RTT admitted-pathway
waiting time with respect spending of —0.869, presented above, which is statistically significant only at 10% level.

In relation to volume, we have several additional measures. Starting with elective admissions, the elasticity of total elective
admissions with respect to hospital spending is 0.185, suggesting that higher spending is positively associated with volume
but the effect is not statistically significant. The coefficient is larger for elective admissions from the waiting list and equal to
0.237, and smaller for planned elective admissions and equal to 0.073. Again, the coefficients are not statistically significant.
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TABLE 6 Regression results. IV estimated elasticity of hospital spending on waiting list activity per capita.

@ (2
Ln(Waiting list activity per capita)
Ln(Waiting list activity per capita) admitted pathway non-admitted pathway
Ln(Hospital spending per capita) 0.412 0.677) 0.876 (0.834)
Market forces factor 31.463%** (10.63) 34.71* (18.26)
Population 0-9 12.16 (17.81) 21.17 (19.63)
Population 10-19 —26.58 (17.52) —14.25 (20.68)
Population 20-29 0.223 (14.94) 11.09 (17.64)
Population 30-39 1.695 (17.36) 18.987 (20.79)
Population 40-49 10.43 (16.94) 26.13 (21.47)
Population 50-59 6.542 (19.62) 30.218 (23.61)
Population 60-69 -8.611 (17.57) -3.449 (20.67)
Population 70-79 —4.278 (16.98) 1.18 (20.38)
Population >80 (ref. group)
IMD income 1.444 (1.109) 0.705 (1.287)
IMD employment —1.203 (0.989) —-0.626 (1.04)
IMD education 0.638 (0.573) 0.691 (0.734)
IMD crime 0.083 0.17) 0.07 (0.193)
IMD living environment 0.082 0.217) 0.075 (0.29)
IMD housing & services —-0.125 (0.239) 0.375 (0.282)
Year 2015 —0.063%#* (0.022) —-0.028 (0.03)
Year 2016 —-0.049 (0.064) 0.031 (0.074)
Year 2017 -0.122 (0.086) 0.019 (0.09)
Year 2018 —-0.069 0.117) 0.096 (0.114)
Year 2019 -0.104 (0.155) 0.115 (0.149)
Observations 908 908
R? 0.112 0.0851

Note: Robust standard errors in parenthesis.
Abbreviation: IMD, indices of multiple deprivation.

Significance levels *p < 0.1, **p < 0.05, ***p < 0.01.

For a given volume of admissions, higher spending could translate into more episodes of care for each individual patient, given
that each patient admission involves one or more episodes of care (e.g., different visits by different specialists). This is however not
the case. The elasticity of total episodes of care with respect to hospital spending is 0.078 and again not statistically significant.

Higher hospital spending could also be associated with a higher propensity to admit emergency patients following an A&E
attendance. We do not find that this is the case. Spending is negatively associated with emergency admissions and again it is not
statistically significant. Our findings are consistent with the demand for emergency care being less responsive than the demand for
elective care. The result is also reflected in the effect on spending on total admissions (the sum of elective and emergency admis-
sions and daycases) as the coefficient for total admissions is 0.078, and therefore smaller than for elective admissions, as expected.

Last, if higher spending does not affect volume, it could still affect the intensity of care to treat patients as measured by
patient length of stay in hospital. We find that the elasticity of mean length of stay with respect to hospital spending is 0.519 and
statistically significant at the 10% level. Similarly, the elasticity of spending on bed days (i.e., the product of volume and length
of stay) with respect to spending is slightly smaller and equal to 0.434 and not significant even at 10% level.

6.6 | Additional robustness checks

We conduct several robustness checks. We find that our main results are similar whether we use controls with a log or untrans-
formed scale, and that the precision increases by adding all of the IMD controls and population age groups. We also obtain
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TABLE 7 Regression results. Estimated elasticity of hospital spending on other outcomes and alternative measures of waiting times and
volumes.
@ 2
Ln(Hospital spending per capita) Ln(Hospital spending per capita)
First difference v
Elective waiting time
Ln(Admitted pathway median waiting time in weeks, RTT) —0.73 1 #** 0.277) —0.869* (0.463)
Ln(Nonadmitted pathway median waiting time in weeks, RTT) 0.599* (0.305) 0.228 0.416)
Ln(Elective admission median waiting time in weeks, HES) —1.351 (1.163) -0.619 (1.810)
Hospital activity (volume) and other outcomes
Ln(Admitted pathway waiting list activity per capita, RTT) —0.328 (0.556) 0.412 (0.677)
Ln(Nonadmitted pathway waiting list activity per capita, RTT)  —0.338 (0.688) 0.876 (0.834)
Ln(Total episodes per capita, HES) 0.079 (0.082) 0.078 (0.115)
Ln(Total admissions per capita, HES) 0.080 (0.091) 0.117 (0.139)
Ln(Elective admissions per capita, HES) 0.013 (0.105) 0.185 (0.169)
Ln(Waiting admissions per capita, HES) 0.088 (0.120) 0.237 (0.198)
Ln(Planned admissions per capita, HES) —-0.258 (0.301) 0.073 (0.465)
Ln(Emergency admissions per capita, HES) 0.163 (0.142) -0.09 (0.194)
Ln(Day cases per capita, HES) 0.079 (0.135) 0.189 0.217)
Ln(Bed days per capita, HES) 0.267 (0.232) 0.434 (0.322)
Ln(Length of stay mean, HES) 0.210 (0.237) 0.519*  (0.294)

Note: Year effects and all demand-side and supply-side controls included. Robust standard errors in parenthesis.
Abbreviations: HES, Hospital Episodes Statistics; RTT, referral-to-treatment.
Significance levels *p < 0.1, **p < 0.05, ***p < 0.01.

similar elasticity estimates for RTT waiting time after adjusting for nonlinearity using Duan smearing factors, which remain
relatively small <1.05 for all deciles along the RTT waiting time distribution (see Table A8). The Duan smearing factors for
admitted and non-admitted waiting list activity were also close to one.

We also investigated whether lagged expenditures had an effect on waiting time and volumes by adding 1- and 2-year lagged
hospital spending as additional covariates in Equation (4). An effect might be observed, for example, if resources were used to
build new capacity that took time to take effect. Patients with long waiting times that start and finish in different years might
also be impacted by spending over multiple years. We found, however, that 1-year lagged hospital spending was generally
highly insignificant (see Tables A9 and A10). We obtained less precise estimates and observed multicollinearity with a reversal
of the main coefficient when adding both a 1- and 2-year lag.

Only in one instrumental-variable specification we find that higher spending reduces waiting times for patients with an
inpatient admission which is significant only at the 10% level. Using our theoretical framework, the elasticity of waiting time
with respect to spending is dw; /d xiS =y =—p /(B —a;) = —0.869. Similarly, substituting (3) into (1) and differentiating
with respect to xf in equilibrium, the elasticity of volume to spending is dY; /d xf = a; y» = 0.412 (though this is not statis-
tically significant). Comparing the two coefficients, we can infer that the elasticity of demand to waiting time is a; = 0.412/
(—0.869) = —0.474. This elasticity is higher than the one reported in the literature for England (around —0.1 or —0.2) though
these lower elasticities relate to a time period where waiting times were much longer than in our sample period (Dusheiko
et al., 2004; Gravelle et al., 2003; Martin et al., 2007; Martin & Smith, 2003; Sivey, 2012).

7 | DISCUSSION AND CONCLUSIONS

This study has investigated the extent to which higher hospital spending by local purchasers in England reduces waiting times
for elective treatment. We find that increases in hospital spending by local purchasers of 1% reduce median RTT waiting time
for patients whose pathway ends with a hospital admission by 0.6 days but the effect is not statistically significant at 5% level
(only at the 10% level). We also find that higher hospital spending does not affect the RTT waiting time for patients whose
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pathway ends with a specialist consultation. Nor does higher spending have a statistically significant effect on the volume of
elective activity for either pathway. In this section, we discuss the implications of our findings for possible policy interventions
at the national and international level.

Siciliani et al. (2013) review different policy initiatives to reduce waiting times across 12 OECD countries with long waiting
times. They find that maximum waiting time guarantees can be effective in reducing waiting times but only if accompanied by
penalties for providers through regulatory interventions (as in England’ or Finland) or patient choice policies where patients
have the option of going private if the maximum waiting time guarantee has not been satisfied (as in Denmark and Portugal).
They also find that the Netherlands experienced a significant reduction in waiting times by combining maximum waiting time
guarantees with an increase in health spending and by switching hospital reimbursement toward activity-based financing and
fee-for-service for specialists. It also concludes that additional funding should be made conditional on additional activity and
maximum waiting times to ensure that the additional activity is not offset by additional demand. Another systematic review of
policies highlights that there is limited high-quality evidence evaluating policy interventions aimed at reducing waiting times
(Ballini et al., 2015). Only eight studies met the inclusion criteria, of which seven related to restructuring the intake assessment/
referral process. The review found no studies evaluating interventions to increase capacity or reduce demand. It concluded that,
although no firm conclusions could be reached, policy interventions which improved accessibility of services (through open
access or direct booking/referral) showed some promise.

A more recent report (OECD, 2020) documents that following the financial crisis the main types of policies to reduce wait-
ing times (e.g., various forms of maximum waiting-time guarantees) have been maintained but that health spending growth has
slowed down in several countries. Between 2007 and 2019, waiting times have been relatively stable in some countries (e.g.,
Finland) or slowly increasing (e.g., in England, and the Netherlands) possibly as a result of a tighter financial environment and
reduced investments.

Our findings echo one of the key policy findings of Siciliani et al. (2013) that additional funding is no guarantee of success
in reducing waiting times. For additional funding to work, it has to be contingent on providers committing to additional activ-
ity and maximum waiting-time targets. Our analysis shows that volume did not significantly increase. One reason to explain
this is that hospitals may be already working close to full capacity with very limited ability to expand in the short run. There
is evidence that bed occupancy rates has been steadily increasing in the years before COVID-19 toward high levels, above
85% occupancy rates (Bosque-Mercader & Siciliani, 2022). This is consistent with beds per 1000 population in England (2.4
beds) being below the EU average in 2020 (OECD and European Union, 2022). Moreover, the health workforce is limited,
and providers may struggle in the short run to recruit additional staff, especially nurses and anesthesiologists, or to extend the
working hours of current health workers (OECD, 2023). Third, investing in additional capacity can be a slow process requiring
investment and disruption of current practices.

The results have also implications for the elective backlog that was accumulated during the COVID-19 pandemic. As
suggested by Figure 2, the waiting list has rapidly grown from <4.5 million at the beginning of 2020 to more than 6 million
in 2022. The current Delivery Plan for England involves additional funding and several initiatives to boost supply, such as
increasing the proportion of procedures performed in outpatient departments rather than in inpatient surgical theaters, making
temporary staffing banks more attractive to facilitate staff taking on extra shifts and paying promptly for these, proactively
supporting temporary staff, including offering more permanent employment or development opportunities, and the creation of
dedicated elective facilities both within hospitals or new ones, which are ring fenced against disruptions from emergency care
(NHS England, 2022a, 2022b). Our study warns policymakers that the link between funding and activity will have to be care-
fully monitored for this delivery plan to succeed. Policy options to boost supply include additional reliance on activity-based
financing, greater conditionality of funding to additional supply and lower waiting times, and using existing capacity in the
private sector to treat publicly-funded patients. Given that the health workforce is key to boost supply, retention policies that
improve working conditions and remuneration are likely to play an important role to address workers' shortages (OECD, 2023).

Our results are not incompatible with previous literature, which has focused on estimating the demand and supply elasticity
to waiting times. A key finding in this literature is that the demand for health care is inelastic to waiting times, with an elasticity
of around —0.1 or —0.2 (Dusheiko et al., 2004; Gravelle et al., 2003; Martin et al., 2007; Martin & Smith, 2003). In turn, this
implies that a higher supply of health care will be effective in reducing waiting times, as the demand response to a reduction
in waiting time will have a limited effect in boosting demand. Our results show that the link between spending and supply can
be a tenuous one, and the extent to which higher spending translates into higher supply is crucial for policies aimed at reducing
waiting times.

Last, our study focuses on England. Future work could investigate the relation between spending and waiting times in other
health systems that also exhibit long waiting times, such as Australia, Italy, Ireland and Spain (OECD, 2020), and test whether
different health system infrastructure and capacity leads to a stronger relationship between spending and waiting times. Our
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analysis uses data pre COVID-19. As time passes and new databases become available, future work could investigate the rela-
tion between spending and waiting times in the post-COVID period.
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ENDNOTES
There is a statistically significant effect (at 5% level or less) only for the 60th and 80th percentiles of the admitted pathway waiting time distribution,

and the effect is again quantitatively small. The effect is heterogeneous across specialties.

S}

If a patient's pathway ends with a specialist consultation, then this implies that the patient does not require an inpatient admission. Otherwise, the
patient's wait would continue and the patient would be included amongst those with an admitted pathway.

w

This study focuses on NHS wait times, which primarily concerns public providers but also includes situations where a patient is offered an appoint-
ment with a private provider as part of an outsourcing arrangement; waiting times in the private sector where patients have bypassed the NHS are
outside the scope of this study and represent a relatively small share of consultations and procedures. In 2014, around 13% of all elective surgery
on UK residents was privately funded (The King's Fund, 2014).

In short, the target funding allocation works by applying a funding stream target share and three indices to the national budget per capita: target allo-
cation = (national budget per person) X (funding stream target share) X (age index) X (additional needs index) X (input price index).

IS

v

We favor a first difference specification over a fixed effects one because of the presence of serial correlation, which makes the first difference esti-
mator more efficient (Baltagi, 2005).

o

Note that this result is obtained without application of a smearing factor. This is because the smearing factor makes very little difference (see
Supporting Information S1: Table A4).

-

Using a difference-in-difference approach with Scotland as control group, Propper et al. (2008) show that the introduction of maximum waiting times
in England reduced waiting times by about seven percentage points, without any adverse effects on quality of care (Propper et al., 2010). However,
Askildsen et al. (2011) show that introducing maximum waiting times could come at the cost of lower priority for the more severe patients in Norway.
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