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Abstract

Many health technology assessment committees have an explicit or implicit reference value (often referred
to as a ‘threshold’) below which new health technologies or interventions are considered value for money.
The basis for these reference values is unclear but one argument is that it should be based on the health
opportunity costs of funding decisions. Empirical estimates of the marginal cost per unit of health produced
by a healthcare system have been proposed to capture the health opportunity costs of new funding decisions.
Based on a systematic search, we identified eight studies that have sought to estimate a reference value
through empirical estimation of the marginal cost per unit of health produced by a healthcare system for
the UK, Spain, Australia, the Netherlands, Sweden, South Africa and China. We review these eight studies
to provide an overview of the key methodological approaches taken to estimate the marginal cost per unit
of health produced by the healthcare system with the aim to help inform future estimates for additional
countries. The lead author for each of these papers was invited to contribute to the current paper to ensure
all the key methodological issues encountered were appropriately captured. These included consideration

of the key variables required and their measurement, accounting for endogeneity of spending to health
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outcomes, the inclusion of lagged spending, discounting and future costs, the use of analytical weights,
level of disease aggregation, expected duration of health gains, and modelling approaches to estimating
mortality and morbidity effects of health spending. Subsequent research estimates for additional countries
should (1) carefully consider the specific context and data available, (2) clearly and transparently report the
assumptions made and include stakeholder perspectives on their appropriateness and acceptability, and (3)
assess the sensitivity of the preferred central estimate to these assumptions.

Keywords: health opportunity costs; cost per QALY; cost per DALY health outcomes; marginal

productivity; cost-effectiveness threshold

Key Points

This article reviews different empirical approaches and associated assumptions taken by
previously published studies to empirically estimate the health opportunity costs of funding

decisions based on estimates of the marginal cost per unit of health produced by a health system.

Methodological issues reviewed here are likely to impact on final estimates of the marginal cost
per unit of health produced by a health system. These include modelling approaches to
estimating mortality- and morbidity-related effects from health spending, measurement of key
variables, accounting for endogeneity in the health spending on health outcomes equation, the
inclusion of lagged spending, discounting and future costs, the use of analytical weights, level

of disease aggregation and the expected duration of health gains.

Future estimates of the marginal cost per unit of health produced by a healthcare system should
include (1) careful consideration of the specific context and data available, (2) clear and
transparent reporting on the assumptions made and stakeholder perspectives on their
appropriateness and acceptability, and (3) assessment of the sensitivity of the preferred central

estimate to these assumptions.

1. Introduction
The estimated costs and effects of investments in healthcare are used to guide funding decisions, but this
approach is limited if the health opportunity cost of an investment is unknown. Under a constrained budget,
the health opportunity cost of a new investment is the health lost elsewhere from reducing funding to an
existing service. An estimate of health opportunity cost can therefore allow decision makers to invest in

new health technologies or interventions that are expected to generate net health gains, allowing for the
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expected health gains forgone elsewhere in the healthcare system, thus ensuring efficient reimbursement

decisions when the goal is to improve population health [2].

Precisely which healthcare intervention(s) are forgone when a new intervention is funded is rarely known.
Empirically estimating the marginal cost per unit of health produced by the healthcare system offers a
practical alternative to determine an expectation on health opportunity costs. Seminal work from Claxton
et al [1], building upon prior work by Martin et al. [2, 3], empirically estimated the health opportunity costs
from funding decisions in the English National Health Service (NHS) in this way. This has been followed
by estimates in Spain [4], Australia [5], the Netherlands [6, 7], Sweden [8], South Africa [9] and China
[10], which all employ different methodological approaches based on available data. While such estimates
may be constrained by uncertainty in the data and the methodological approaches taken, they can be explicit
about their uncertainty, the assumptions made and the directional impact these may have on the estimated

marginal cost per health unit.

This paper provides an overview of previously published methods used to estimate the marginal cost per
unit of health produced by the healthcare system. We include discussion of the different empirical
approaches taken and discuss these considering the data available to help inform future empirical estimates
for a country’s healthcare system. We include in our discussion the eight papers published to-date that we
have identified that have estimated the marginal cost per unit of health produced by a healthcare system for
seven different countries. These papers were identified through a systematic review of the literature (see
supplementary information 1). Studies were included that assessed the impact of health care spending on
health outcomes within a country and translated the results into a cost per Quality-Adjusted Life-Year
(QALY) or Disability-Adjusted Life-Year (DALY) estimate. Studies were excluded that sought to estimate
the relationship based on cross-country data, sought to estimate the cost per QALY or DALY based on the
estimated relationship between spending and outcomes estimated for another country, and those that were
not peer-reviewed, published in English, or published prior to 2008. This led to the final eight studies
included in the review. The lead author for each of these papers was invited to contribute to the current

paper to ensure all the key methodological issues encountered could be appropriately captured.

Across all eight studies, approaches to estimating the cost per unit of health can be split into two parts:
modelling population-level health outcomes against health spending and other control variables to estimate
the health spending elasticity; and modelling to extrapolate the estimated effect to impact on a lifetime
generic measure of health. We compare and contrast the approaches taken to address key methodological

3
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issues critical to both parts. Key issues are those which were identified by the study authors and therefore

are also likely to be relevant to researchers wishing to undertake similar research.

Throughout this paper, we refer to the marginal cost per unit of health within the healthcare system, rather
than using more conventional terms such as ‘threshold’, as decision-making thresholds are reference values
that may or may not reflect health opportunity costs. Thresholds used to inform funding decisions and to
draw recommendations in the published literature may reflect a range of considerations other than
opportunity costs [11]. In particular, there is an extended view, grounded in welfare economics, that cost-
effectiveness thresholds ought to reflect the society’s monetary valuation of health gains. Some authors
have recently emphasised that decision rules are context-dependent and differ by the perspective taken by
decisions makers and by the budget constraints, whether fixed or variable, faced by them [12, 13].
According to the two-perspective approach framework presented in Brouwer et al., 2019, information on
the consumption value of health is relevant when decision makers take a broader societal perspective, in
which the goal is to maximize social welfare from a flexible budget. However, in the most commonly
operating context where fixed budgets are allocated to healthcare and coverage decisions are taken from a
healthcare system perspective, information on the health opportunity cost of healthcare funding decisions

becomes the relevant information to inform cost-effectiveness thresholds [13].

2. General challenges to empirically estimate the marginal cost of health produced by a
healthcare system
Estimating the relationship between health care spending and health outcomes presents several challenges.
The key component to addressing this research question is to identify variation in health spending that is
unrelated to variation in health status, and to then estimate the health effects of such exogenous variation.
In an ideal world, researchers would link the exogenous variations in health care spending to all the affected
individuals and calculate the resulting changes in health over their lifetimes. Information on individual-
level health spending across all areas of health care would be ideal. If the aim is to assess the impact of
public spending on health, as would be the case for health opportunity cost estimates attempting to guide
public reimbursement decisions, then additional health spending information such as private insurance and
patient out-of-pocket spending are relevant as model covariates. The perfect data on health outcomes would
include individual-level cause of death and Health-Related Quality of Life (HRQoL) data to estimate
disease-, age- and gender-specific trajectories in the estimation of mortality- and morbidity-related QALYs.
Obtaining exogenous variations in health care spending will typically rely on controlling for a large number
of observed health care need variables and a method to control for any unobserved need and reverse

4
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causality. The preferred method to control for this exogenous variation due to both unobserved covariates
and reverse causality due to prior health outcomes influencing current health spending, is the panel
approach. The advantage of this approach is that time-invariant confounding can be removed through the
use of multiple cross-sections; however, this approach relies on significant data availability. In the absence
of multiple cross-sections of data, instrumental variable (IV) estimation is an alternative approach that has
been employed. The use of IVs, discussed further in section 4.2.3 ‘accounting for endogeneity’ and in
supplementary information 2, offer an approach to making unbiased causal inferences from observational
data by controlling for reverse causality and any unobserved confounding variables. However, it is limited
by the quality of the IVs and places a large burden on the researchers to present evidence for the validity of
their IVs which cannot be conclusively supported with empirical evidence. Good data is therefore required
not only on health care spending and health outcomes, but also on variables to control for health care need

and potentially on candidate IVs.

3. Overview of methodological approaches
Table 1 summarises the key methodological approaches taken split into parts one (modelling population-
level health outcomes against health spending and other control variables to estimate the health spending

elasticity) and two (modelling to extrapolate the estimated effect to impact on a lifetime generic measure
of health).
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Table 1. Overview of methodological approaches

England [1] | Spain | Australia [S] | The The Sweden [8] South China [10]
[4] Netherlands | Netherland Africa
(Stadhouder | s (Van Baal 9]
s et al. [7]) et al. [6])
PART 1
Dependent | Mortality All- Mortality- Mortality- Disease- All-cause All- All-cause
variable based cause |related all- | and specific Mortality cause mortality rate
disease- QALE | cause morbidity- mortality mortalit | and DALYs
specific QALYs related y (Crude
aggregated to disease- mortalit
all-cause specific y rate)
YLL QALYs
Source  of | Areas Areas | Areas Age-gender- | Age-gender | Areas  over | Areas Areas
variation over disease patient time over
time patient groups over time
groups over | time
time
Econometri | IV Panel | IV Panel fixed- | First Pooled IV Panel OLS
¢ approach fixed- effects differences fixed-
effects effects
Control Need for | SES, | Need for | Number of | Time fixed- | SES, SES, SES,
variables healthcare health | healthcare, patients and | effects and | demographics | need for | demographic
and SES, | - geography time trend patient , health not | health s and region
demographic | related | and group time | amenable to | care, fixed-effects
s and demographic trends healthcare, region
time S time  fixed- | and time
effects
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fixed- fixed-

effects effects
PART 2
Measure of | EQ-5D EQ- SF-6D EQ-5D SF-6D EQ-5D YLD YLD
morbidity 5D
used

DALYs, Disability-Adjusted Life Years;, EQ-5D, EuroQoL-5D; HRQolL, Health-Related Quality of Life; 1V, Instrumental Variable;, OLS,
Ordinary Least Squares;, QALE, Quality-Adjusted Life Expectancy;, QALY, Quality-Adjusted Life-Year,; SES, Socioeconomic Status; SF-6D,
Short-Form six-dimension health state; YLD, Years Lived with Disability; YLL, Years of Life Lost



Most studies estimate the effect of a change in health spending on mortality in part one and then
approximate and incorporate the morbidity effect of health spending to arrive at the estimated marginal cost
per QALY or DALY in part two using either area [1, 4, 5, 8-10] or patient groups [6, 7] as the unit of
analysis. Less frequently, a QALY or DALY outcome measure is used in part one. This is discussed in
more detail in section 4.1 on health outcome measures used. In part one, different econometric
specifications are used to model the effect of a change in health spending on population-level health
outcomes. As outlined in Table 1, the reviewed studies either employed panel data with unit fixed-effects
or cross-section data with an IV approach. Control variables used (see Table 1) are similar across the studies
and are used to minimise confounding due to area- or group-level determinants of health that can also
influence change in healthcare spending in longitudinal approaches, or due to unit- or area-level
determinants of health that can also influence change in healthcare spending in cross-sectional approaches.
Control variables must also account for potential confounding between the IVs and determinants of health
in IV analyses (see sections 4.2.2 controlling for healthcare need, 4.2.3 accounting for endogeneity and
supplementary information 2 for further details). In part two, some studies have assumed the effect on
morbidity to be proportional to the effect on mortality or have aimed at estimating the morbidity

effects of health spending directly.

4. Methodological issues
Estimation of the health effects of healthcare spending requires methodological decisions to be made by
researchers that may have substantial impacts on the final results. In this section, we briefly describe the
key decisions of this type that were made in the reviewed papers, splitting these into issues encountered
when 1) modelling population-level health outcomes, normally a measure of mortality, against health
spending and other control variables to estimate the health spending elasticity, and 2) approximating and
incorporating the morbidity effect of health spending to arrive at the estimated marginal cost per unit of
lifetime health produced. The majority of the methodological issues identified pertain to part one so this
received the bulk of the focus. Some of the key methodological challenges, however, pertain to both parts.
With the exception of the health outcome measures used, these are listed under part one challenges. Health
outcome measures used is given its own section and discussed first. Where suggestions are made, these are
from the view of informing decisions about the funding of new health technologies, but it should be noted
that an estimate of the effect of healthcare spending on health outcomes could also be of interest from other

perspectives.

4.1 Health outcome measures



The population level health outcomes must be relevant to the specific decision-making context. As
decisions are made regarding healthcare interventions spanning a range of disease areas, a generic measure
of health that accounts for changes in survival and morbidity (i.e., quality of life) is required, which in the
reviewed studies was the QALY, and DALY. QALYs and DALYs have been shown to be largely
interchangeable [14].

Few countries routinely capture national HRQoL information that could be used to inform estimates of
QALYs or DALY's by small geographical areas. Therefore, due to limited data, most approaches reviewed
herein have modelled the impact of health spending (part one) on some mortality-related measure and
subsequently incorporated morbidity effects (part two) [1, 5, 6, 8]. Other approaches included a combined
measure of mortality and morbidity as the key outcome variable in their econometric model (part one)
through either the use of Quality-Adjusted Life Expectancy (QALE) calculated as life expectancy (LE)
adjusted by modelled EQ-5D weights [4] or through QALY's lost due to mortality corrected for disease
burden and morbidity [7], potentially negating the need for some or all of part two. A single estimate directly
modelled the effect of health spending on DALY's through publicly available data on the Global Burden of

Disease [10]; see supplementary information 3 for further information.

The most commonly estimated mortality based health outcome measures were mortality rates [6, 9, 10],
years of life lost (YLL) [1, 5, 7] or LE [4, 8] (see Table 1.) YLL reflect survival effects and are constructed
from data on mortality and conditional LE or a fixed reference age. Careful consideration should be given
to how the mortality-based effects contribute to the estimation of YLL. Where mortality rates are used as
an outcome measure instead of YLL, assumptions are required to ultimately obtain survival effects. For
example, both the South African [9] and the Chinese mortality-based [10] cost per DALY estimates are
derived from the change in mortality rates from increases in health spending using the method outlined in
Ochalek et al. [15]. This approach uses YLL averted from public disease burden data in an all cause model
to estimate mortality-based survival effects and incorporates morbidity-based effects by assuming a
proportional impact on direct morbidity effects [9, 10], using the same assumption as the English estimate
[1]. Using LE, mortality rates are extrapolated to the future to predict YLL. Crucially, and regardless of the
mortality measure used, the survival effects must be adjusted for the HRQoL in which they are expected to
be lived. Where outcomes are considered by disease area, it is important that the survival effects reflect

disease-specific profiles of survival and HRQoL [1].



To account for the morbidity effects of a change in health spending, studies typically employed an
assumption about the effect size relative to the change in mortality or YLL [1, 9, 10]. The Australian study
estimated the effect directly using available health index data making the assumption that temporal changes
in HRQoL over time, controlling for demographic, societal and other economic variables, was due to
change in health spending over the same time period [5]. The UK study constructed a measure of the QALY
burden of disease at the national level by making the assumption that the effect of change in spending on
mortality provided a surrogate for the effect of change in spending on the QALY burden of disease
estimated using variation across local health authorities (see supplementary information 3 for further
details). Other studies used a health outcome measure in their econometric models that already reflected
changes in mortality and on HRQoL, and thus estimated the effect of spending on survival and morbidity
simultaneously [4, 7]. Both approaches used EQ-5D weights to estimate morbidity effects making
additional assumptions about the extent to which an annual survey sample was representative of the Dutch

population [7] or modelling temporal change in HRQoL due to limited national-level HRQoL information

[4].

4.2 Part one: modelling population-level health outcomes against health spending

4.2.1 Health spending
The measurement of health spending involves the estimation of health spending within defined
geographical areas, for which accompanying variables describing health needs and health outcomes are
required. If the goal is to inform public reimbursement decisions through the estimation of the opportunity
costs of publicly funded health spending, then the main spending independent variable should reflect public
spending on health. However, private health spending should be included as an important model covariate
as its omission may result in biased estimates on health outcomes where the coefficient on health outcomes
may be underestimated (overestimated) if the relationship between public and private spending on health
is negative (positive). The preferred approach is to include private health spending as a covariate in part
one. Approaches to accounting for the impact of private healthcare spending on health outcomes in the
absence of private health spending data have included using socioeconomic variables as a proxy for private
health insurance coverage and spending within the regression model [e.g. 5, 9]. If total public spending on
health is unavailable, then the impact of missing cost categories, either by health service or patient type, on
the estimated health spending elasticity must be considered. If the impact is deemed negligible then this
should be explicitly justified [5]. Alternatively, conclusions will need to be restricted to the types of
healthcare spending included; for example, by estimating the marginal cost per unit of health of hospital-
based care [6, 7].
10



How health spending is measured and characteristics of the specific local context will also impact on the
appropriate econometric models; for example, the UK analysis is the only approach to have employed
separate disease-specific spending models reflecting that expenditure data was available for each disease

area with mortality data available by cause of death [1].

4.2.2  Controlling for healthcare need
The need for healthcare, defined in relation to the capacity to benefit from healthcare, clearly affects health
outcomes but can also predict health spending. Variables used to represent healthcare need have included
measures of health status, past healthcare use, health supply and demographic variables such as population
size and proportion of elderly people. This is most obvious in countries with funding mechanisms that
allocate resources on the basis of needs (e.g., the UK), but is also likely in countries in which resources are
not allocated solely on the basis of need. Therefore, healthcare need must be included in the model to

estimate the unbiased causal relationship between healthcare spending and outcomes.

While census data, as used in the UK and Australia, can provide population measures of need via health
status or socioeconomic questions, it is typically obtained infrequently, meaning that analyses are restricted
to census years [5] or out-dated information is used outside of census years [1]. In the context of a model
looking at variations over time [4, 7, 9, 16], longitudinal survey or administrative data has been used to
account for health need with the addition of fixed-effects, including time and age- and gender-specific time

trends, to account for any remaining unobserved health need [4, 9].

423  Accounting for endogeneity
Regressing outcomes against spending, controlling for differences in health needs, is unlikely to produce
estimates of causal effects. There are two principal reasons for this: (1) there are likely unobserved area-
specific confounders, that is, omitted variables that are associated with both spending and outcomes,
resulting in omitted variable bias; and (2) there may be reverse causality whereby historic health outcomes
impact current health spending and current health outcomes (see supplementary information 4 for a figure
depicting the potential temporal causal relationships between health spending and health outcomes). In the

context of these factors, spending is endogenous [17] and the resultant coefficient on spending is biased.

Two popular approaches to accounting for endogeneity that have been employed in the country-level
estimates reviewed here include the use of panel data and IVs, see Table 2. Panel data can address

11



endogeneity through eliminating additional unobserved confounding by controlling for time-invariant
region effects and time-varying year effects and mitigating some reverse causality through inclusion of
lagged spending or health outcomes in a dynamic panel data analysis [18]. IV regression methods may be
particularly useful when panel data is unavailable, or, as in the Spanish approach [4], to assess whether the
panel approach has appropriately accounted for endogeneity through evaluation of IV tests of exogeneity
of health spending under the assumption that at least one of the set of included instruments is
valid(see supplementary information 2 for further details on IV assumptions). IV regression is undertaken
in five [1, 4, 5, 8, 10] of the eight studies reviewed and provides the base case results for England [1],

Australia [5] and Sweden [8].

An appropriate IV is one that has a direct effect on health spending, but has no direct or indirect impact on
health outcomes, other than through its effect on health spending and other variables included in the
outcome equation, i.e., a relevant IV that meets the exclusion restriction. Assuming that observable factors
have been adequately controlled for, this can be represented by the Directed Acyclic Graph (DAG) in Fig
1, where the checked (v') dotted arrow represents the relevance of the IV required for successful
identification and the unchecked (%) dotted arrows represent relationships that would violate the exclusion
restriction, thus, invalidating the IV. In practice, validating IVs requires extensive theoretical and empirical
justification. We outline approaches that could be included in this process in Table 1, supplementary

information 2.

12
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X ------- » Unwanted direction of influence

Fig 1. Directed Acyclic Graph (DAG) depicting the role of an instrumental variable (Z) in estimating the

causal relationship between health spending (X) and health outcomes (h) with unobserved covariates (U)

Variables that have been employed across the five relevant studies as instruments for public spending on
healthcare have included demand-shift IVs such as the proportion of households where unpaid care was
provided [1, 5] and the percentage of total public spending assigned to health regions [4], and supply-side
shifts including the number of newly graduated nurses per capita and the proportion of nurses nearing
retirement [8], see Table 2. Other studies included in this review accounted for endogeneity by employing
fixed-effects [4, 6, 9] to control for time-invariant region differences and time-varying year differences not
captured by their models. However, these approaches may still suffer contamination due to time-varying
unobserved confounding in health status unrelated to measured confounders. The Spanish team [4]
employed an IV, the percentage of health spending allocated to healthcare, to assess this. This IV was
considered potentially exogenous due to large budget cuts during the study period. However, their analyses
indicated that health spending was not endogenous in the health outcome equation, and so the results from

the fixed-effects regression without an IV were used for their central estimate.

13



Table 2. Key predictors and methods to account for endogeneity

The
Netherlands |The Netherlands
(Stadhouder |(Van Baal et al. South Africa
England [1] Spain [4] Australia [5] [setal [7])) [[6]) Sweden [8]** |[9] China [10]
First difference
of log CVD
spending Public health
Total budget | 1 lag health 1-year lagged log Spending per (Total health
Key predictors | PCT spending | spending Spending Spending CVD spending  [Spending capita spending
IV (SES Removing [V (number of
deprivation spending in newly graduated
and IV (proportion | last year of nurses per
availability of of the life from total capita,
Method of informal care population health proportion of Cross-section
accounting for | in the Fixed-effects | providing spending Fixed-effects nurses aged 60- |Fixed-effects [OLS with
endogeneity community) | panel* unpaid care) predictor panel 69) panel fixed-effects**

* Explored percentage of total spending allocated to healthcare as an IV but spending was not endogenous

** Explored average premium fees for Basic Medical Insurance and number of medical personnel as potential IVs but spending was not

endogenous

CVD, Cardiovascular Disease; 1V, Instrumental Variable; PCT, Primary Care Trust; SES, Socioeconomic Status
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Another non-1V approach [7] employed fixed-effects and accounted for remaining endogeneity by
removing spending incurred in the last year of life from the spending variable. This approach may account
for one source of reverse causality under the assumption that surplus costs in the last year of life do not
affect mortality, which, as noted by the authors, is more applicable to some disease-areas than others. This
approach only addresses one source of endogeneity, while other potential time-varying sources of
endogeneity are left unaccounted for. For this reason, this approach may be considered when regional

variation and valid IVs are unavailable.

Promising for future research in this area are I'Vs arising from consideration of context-specific national
funding arrangements. Using this approach, Andrews et al. identified three new IVs for UK estimates: the
age index of the local population; the input price index; and the difference between the actual allocation
compared to the calculated budget requirement to meet regional healthcare need (allowed to avoid large
shocks in allocations following new estimates of need) [19]. These variables are used to determine health
funding allocations for regions in the UK, and so, in conjunction with controls for healthcare need and with
an age-standardised dependent variable, “...can only plausibly work through the funding rule...” — see
Martin et al.[20]for further justification of these specific Vs [19]. Analyses with these [Vs returned similar
values to the central estimate reported previously [1] and in re-analysis [20, 21], supporting the estimate of
the marginal cost per unit of health produced by the NHS in the UK. This highlights the importance of
understanding the local context when considering appropriate IVs where components of funding rules can

be separated from considerations based on demand.

424  Analytical weights
To the extent that data observations such as regions [1, 4, 5, 8, 10] have different population sizes or
demographic and disease groupings [6, 7] have different sample sizes, then analytical weights may be
employed to correct for heteroskedastic error terms and to identify the population-weighted mean effects
of health spending on health outcomes [22]. Not weighting gives equal influence to all observations
irrespective of the size of the population contained; this does not obviously produce biased estimates, and
the degree to which this modelling decision impacts results depends upon the amount of heterogeneity
between observations. Application of analytical weights should be based on consideration of this between-
observation heterogeneity and on the intended use of the estimate of the marginal cost per unit of health
produced by the healthcare system. If the aim is to obtain a national average effect, then the application of
analytical weights may be preferred; however, the central estimate of the marginal cost per unit of health

produced by the healthcare system may then be driven by the level of efficiency within the largest data
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observations and may not represent the opportunity cost of funding decisions for other regions. Since a
difference between weighted and unweighted estimates complicates their interpretation, analytic weights
can also be used as a robustness check in which we would hope for results that are fairly insensitive to
weighting [23]. We recommend authors present both the weighted and unweighted estimates, discuss any

differences, report robust standard errors and provide clear rationale on selected approach [22].

42.5  All-cause or disease-specific models
The analysis for England differs from the other studies in that different disease areas were analysed
separately by regions [1]. The remaining studies either estimated the marginal cost per unit of health within
a single disease-area [6], multiple disease-areas [7], or across regions [4, 5, 10]. There are advantages and
disadvantages to each approach. Disease-specific estimation may better identify the underlying causal
effects that may be subject to aggregation bias in all-cause estimation. Therefore, to the extent that the
relationship between health spending and outcomes is heterogeneous between disease-areas or
demographic groups, then the all-cause spending elasticity may differ from the aggregated disease-specific
spending elasticity. However, this approach may also introduce measurement error based on methods for
classifying spending and outcomes to disease areas and does not reflect the effects of spending and health

outcome spillover effects that may occur between disease-areas.

4.2.6  Lagged effects of healthcare spending

Estimates of the marginal cost per unit of health produced by the healthcare system for England, Australia
and Sweden largely rely on cross-sectional data that comprises contemporaneous spending and outcomes.
As such, there is no explicit consideration regarding the future effect on outcomes of spending within the
econometric analysis. However, the estimated effect on outcomes of contemporaneous spending will, in
principle, equal the long-run effect of spending on health if an equilibrium position has been reached where
the effect on current outcomes from past spending exactly offset the effect of current spending on future
outcomes. Claxton et al. [24] argue that, in practice, such an equilibrium position would mean that the
estimated coefficient on spending represents an underestimate of the long-run effect, because the effect on
future outcomes is not captured in the model, whereas the effect of past spending on current outcomes could
affect the coefficient where past spending and current spending are correlated. This is supported by the
Spanish analysis, which reported a reduced impact of spending on health outcomes when excluding lagged
spending, resulting in an increase in the estimated marginal cost per unit of health produced by the
healthcare system [4]. Similarly, van Baal et al. [6] reported that the impact of cardiovascular disease (CVD)
related health spending was significant in the subsequent year [6], highlighting that different care types and
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disease-areas are likely to have different lag structures from spending on health. Taken together, these
results suggest that estimates based solely on contemporaneous effects of spending on health outcomes may

overestimate the marginal cost per unit of health produced by the healthcare system.

4.3 Part two: approximating and incorporating the morbidity effect of health spending to arrive at the
estimated marginal cost per unit of lifetime health produced

43.1  Future healthcare costs
Healthcare spending in one time period is likely to generate health benefits over multiple future time
periods, and health benefits in one time period are likely to impact health spending over multiple future
time periods. Therefore, a decision must be made about how future costs and benefits should be discounted
to reflect their present value. In general, higher discount rates will result in a higher estimate of the marginal
cost per unit of health produced by the healthcare system. Discount rates employed across the eight studies
have ranged from 0 [1] to 5% [5]: we suggest that discount rates for both future costs and benefits should
be in accordance with the relevant national guidelines for economic evaluations [5, 7], but that sensitivity

estimates also be presented for a range of discount rates including the application of none.

Extending survival means that patients will receive healthcare in these years and thus incur additional
spending; conversely, reducing morbidity may lessen demands for healthcare in future years. If future costs
are not incorporated, then the implicit assumption is that gaining a QALY is cost-neutral. Only one study
considered future costs through incorporating CVD hospital spending and hospital spending for other
diseases by age and gender in their calculation of per capita hospital spending [6]. Debating the
appropriateness of considering future unrelated costs is outside the scope of this paper: when the estimate
of the marginal cost per unit of health produced by the healthcare system is sought to help guide funding
decisions then we recommend applying the same approach regarding future costs than that required by the

relevant national health technology assessment committees.

4.3.2  Expected duration of health gains
The expected duration of the estimated health effects should also be considered and included in the final
estimate where feasible. If a death is avoided in the present year, then a stream of health effects are generated
up until the eventual delayed death. Only the Australian analysis included estimates of the duration of
morbidity-related QALY effects based on conservative clinician input into duration effects within disease-
areas and accounting for age- and gender-specific LEs of the Australian population. From this, an
aggregated average length of improvement from interventions delivered by health spending in the year of
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analysis was calculated [5]. Insofar as the impact of current health spending on morbidity-related QALY's
extends beyond a single year, the impact of spending in prior years on current and subsequent morbidity-
related QALYs to the value of the estimated duration effects should also be removed from the final
morbidity-related QALY improvement. The Australian study provides one method to estimate the duration
of morbidity-related QALY gains by adjusting the annual change in HRQoL by excluding ongoing effects
of health spending in years prior to the year of interest and including ongoing effects of spending on HRQoL
in years subsequent to the year of interest using clinical judgement on the duration of HRQoL improvement

from the annual increase in health spending [5] (see supplementary information 3 for further details).

4.4 Presenting uncertainty in the estimated marginal cost per unit of health produced by the
healthcare system
Estimates of the marginal cost per unit of health produced by the healthcare system are all subject to
parameter and structural uncertainty which must be clearly reported. For parameter uncertainty this includes
reporting confidence intervals around the estimated marginal cost per unit of health produced by the
healthcare system and the probability that the estimate is below different cut-off values. Different estimation
will require different methods to estimate confidence intervals. For example, the UK analysis included a
spending elasticity estimated for each of the 23 disease-areas, and outcome elasticities estimated for 11
disease-areas; therefore, they employed simulation analyses to propagate the uncertainty in the parameter
estimates through to the final estimate [1]. Other analyses estimated a single econometric model for change
in mortality-related QALY s [4-7] and presented the uncertainty in the parameter estimates via bootstrapped

confidence intervals [5].

Structural uncertainty refers to “...simplifications and scientific judgments that have to be made when
constructing and interpreting a model of any sort...” [25]. In the context of this review, a key source of
structural uncertainty are the set of choices made in estimating plausible econometric models and
determining the preferred central estimate based upon them, which includes the strategy chosen to identify
causal effects. The nature of these choices depends upon the approach taken, in the case of the IV
approaches undertaken in four of the eight reviewed studies [1, 4, 5, 8] this includes reporting tests of [V
relevance and of the exclusion restriction including sensitivity analyses. For potential violations of the
exclusion restriction when the IV is only plausibly exogenous, methods such as the Union of Confidence
Intervals approach [26] should also be reported [1] (see supplementary information 2 for more information

on testing [V assumptions).
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Stadhouders et al. distinguished parameter uncertainty, data transformation uncertainty and structural
uncertainty with respect to modelling choices [7]. Parameter uncertainty was presented via bootstrapped
confidence intervals, uncertainty with respect to the values used in data transformations (e.g. YLL values)
was incorporated using Monte Carlo simulations, and structural uncertainty regarding modelling choices
was incorporated by presenting outcomes of alternative specifications. Several other approaches also used
simulation methods to reflect the combined uncertainty in estimates reported as the probability of the

marginal cost per unit of health produced by the healthcare system being below a certain cut-off [1, 5].

Finally, the full set of assumptions made to link the econometrics to the estimate of the the marginal cost
per unit of health produced by the healthcare system should be outlined in detail including assumptions
related to the (1) measurement of the key healthcare spending, mortality and morbidity outcomes and
healthcare need variables, (2) econometric modelling, and (3) incorporation of morbidity effects. This
should include an outline of the issue, what assumptions were made and the associated impact on the
estimate of the marginal cost per unit of health produced by the healthcare system based either on empirical
estimates or the theorised impact as reported in Claxton et al. [1] and Edney et al. [5]. Some assumptions
will have limited formal empirical data to inform them; where feasible, we recommend authors attempt to
validate these types of assumptions with, for example, broader expert elicitation, as conducted by the UK

team [27].

5. Discussion
Estimates of the marginal cost per unit of health produced by the healthcare system present an important
policy tool to guide funding decisions for new health technologies and interventions by facilitating the
interpretation of cost-effectiveness analyses that represent a key input to many national reimbursement
decisions.! Building on earlier work by Martin et al. [2, 3], Claxton et al.’s [1] seminal work presented the
first empirical estimate of the marginal cost per unit of health of the NHS in England, followed by similar

estimates for Spain [4], Australia [5], Sweden [8], the Netherlands [6, 7], South Africa [9] and China [10].

1 For local decisions, the marginal cost per unit of health produced by the local healthcare system could
be estimated by exploring the heterogeneity between geographically-defined observations. This is an area
for further research that may draw inspiration from some existing work that employs quantile regression
methods (28.  Edney, L., et al., Mortality reductions from marginal increases in public spending on health.
Health Policy, 2018. 122(8): p. 892-899, 29. Hernandez-Villafuerte, K., et al., Exploring Variations in
the Opportunity Cost Cost-Effectiveness Threshold by Clinical Area: Results from a Feasibility Study in England. ,
in OHE Research Paper. 2019, Office of Health Economics: London. Such work could also inform national
decision-making with respect to the geographical distribution of effects of a new health technology.
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The broad rationale for estimating the marginal cost per unit of health produced by the healthcare system
in these reviewed studies was to guide health funding decisions. Where the true opportunity cost is
unknown; that is, when decisions to fund a new health technology or intervention do not specify what is to

be forgone, then an empirical estimate can provide the next best option to quantify the net health impact.

We have purposefully referred to the estimates in the reviewed papers as estimates of the marginal cost per
unit of health produced by the healthcare system rather than the more conventionally used ‘threshold’, as a
threshold implies that only new health technologies or interventions with an incremental cost-effectiveness
ratio below this should be publicly funded. In reality, rationale decision makers may fund healthcare with
a higher incremental cost-effectiveness ratio than the estimated marginal cost per unit of health because the
‘unit of health’, for example, the QALY, may not reflect all factors that influence funding decisions, such
as their social value, innovation, rarity or impact on outcome equality [30]. An estimate of the marginal
cost per unit of health produced by the healthcare system simply allows decision makers to articulate the
expected net health benefit from publicly funding new health technologies or interventions. Presentation of
net health benefit is intuitive, can be expressed at the population level to communicate health magnitudes
and budget impact, and can provide a transparent method to justify funding decisions particularly for those
that result in a net health loss that are accepted based on other criteria [31]. Analyses by disease-areas may
be further useful in this scenario as they can provide decision makers with an indication of where the
opportunity costs may fall [1], thus highlighting when net health losses also fall on patient groups with
similar equality considerations. Such transparency in decision making becomes more important as national
reimbursement authorities come under increasing scrutiny from industry, patients, and the broader
community. Empirical estimates of the marginal cost per unit of health produced by the healthcare system
can also be used to guide decisions about other financial investments within the healthcare sector including
the value of health research through the expected value of perfect information and of implementation

programs to increase uptake of health interventions with well-established health benefits.

The studies reviewed here have all taken different approaches and made different assumptions in order to
generate estimates of the marginal cost per unit of health produced by the healthcare system driven largely

by the local decision-making context and data availability?. Given heterogeneity across existing and future

2 Another study aims to estimate health opportunity costs in USA and finds that 1 QALY is lost for every
$104,000 spent on a new technology [32. Vanness, D.J., J. Lomas, and H. Ahn, A4 health
opportunity cost threshold for cost-effectiveness analysis in the United States. Annals of Internal Medicine,
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studies, it is important that all assumptions are explicitly stated and the robustness of the estimated marginal
cost per unit of health to specific assumptions is examined through extensive sensitivity analysis. The
acceptability of different assumptions will likely vary across different decision-making contexts, therefore
key stakeholders should be involved in the research where feasible, and researchers should provide
estimates based on a range of different assumptions relevant to the specific decision-making context. Our
combined experience suggests that involving stakeholders is important throughout, and their input is
particularly valuable on issues such as knowledge of available data, acceptability of the assumptions made
and knowledge of the local context. Factors relevant to the local context include the health budget, the
demand for and technical efficiency of existing technologies, development of new technologies [33], the
specific decision-making context, how healthcare is financed, the different factors that may influence
healthcare spending and health outcomes, and potential policy changes or health system shocks, such as the
COVID-19 pandemic, that may impact conclusions drawn. Whilst these factors will not influence the
analysis of the marginal cost per unit of health produced by the healthcare system, they will influence the
interpretation and long-term applicability of the estimate. Researchers should carefully discuss the likely
directional impact of any policy changes or health system shocks on their central estimate of the marginal

cost per unit of health produced by the healthcare system.

Transparency in reporting results and in determining the preferred central estimate, if one is presented,
helps decision-makers interpret research findings, particularly where the range of plausible estimates is
wide. Probabilistic analyses can be used to represent parameter and structural uncertainty by estimating
probabilities that the marginal cost per unit of health is below different values. The expected or hypothesised
direction and magnitude of the impact of different assumptions on the central estimate should also be
explicitly stated, with reference to the rationale for the expectations, and supporting empirical or qualitative
evidence where appropriate. Uptake of the estimated marginal cost per unit of health by decision makers
may be supported by comparisons with existing ‘cost-effectiveness thresholds’, and the extent to which the

new and existing estimates are evidence-based.

2020.]. This study provides a policy-relevant estimate for US that merits consideration but differs from the
studies reviewed here in two ways. First, it is based on a different approach where private insurance
premiums are increased to fund a new technology with a resultant impact on health of people dropping
insurance coverage (i.e. it does not estimate the marginal cost per unit of health produced by the healthcare
system). Second, rather than performing any econometric data analysis, it is instead a simulation exercise
that draws on previously published econometric estimates.
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6. Conclusion
There is an increasing need for resource allocation decisions to be transparent to all key stakeholders as
tight fiscal budgets are increasingly challenged by high-cost technologies and interventions, increasing life
expectancy and expectations regarding the public funding of new health care. An empirical estimate of the
marginal cost per unit of health produced by the healthcare system can provide a key method to inform,
justify and legitimise funding decisions. Such estimates make trade-offs between population health
maximisation and health equity explicit by quantifying the expected population health effects of decisions
to fund health care for particular patient groups. Estimates of the marginal cost per unit of health also inform
the monitoring of health system efficiency and the funding of research [34], implementation processes and
disinvestment activities. Finally, such estimates can also simplify the process of making resource allocation
decisions for decision makers and simplify the process of communicating how these resource allocation
decisions were made to key stakeholders through use of the net health impact from new investments [30,
35]. Empirical estimates of the marginal cost per unit of health produced by the healthcare system derived
from within-country analyses now exist for seven countries internationally based on eight studies. It is
anticipated that many other countries may wish to empirically estimate the health opportunity costs of
reimbursement decisions; this paper provides the first discussion of the range of approaches taken within
these published papers to empirically estimate health opportunity costs of funding decisions to guide these
future research attempts. Specific recommendations for future country estimates include careful
consideration of the specific context and data available, clarity and transparency regarding the assumptions
made and stakeholder perspectives on their appropriateness and acceptability, and assessment of the

sensitivity of the preferred central estimate to these assumptions.
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