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Abstract: Cost-effectiveness analysis is widely adopted as a means to inform policy and decision
makers in setting priorities for healthcare resource allocation. In resource-constrained settings,
decision makers are confronted with healthcare resource reallocation decisions, e.g., moving funds
from one or more existing healthcare programs to fund new healthcare programs. The decision-
making plane (DMP) has been developed as a means to graphically present the results of reallocating
available healthcare resources when healthcare program costs and effects are uncertain. Mapping
a value function over the DMP allows the analyst to value all possible combinations of net costs
and net effects that may result from reallocating available healthcare resources under conditions of
uncertainty. In this paper, we extend this approach to include a change in portfolio risk, stemming
from a change in the portfolios of funded healthcare programs, as an additional source of uncertainty,
and demonstrate how this can be incorporated into the value function over net costs and net effects
for a risk-averse decision maker. The methodology presented in this paper is of particular interest
to decision makers who are risk averse, as it will help to better incorporate their preferences in the
process of deciding how to best allocate scarce healthcare resources.

Keywords: cost-effectiveness analysis; resource allocation; risk aversion; uncertainty; opportunity
costs

1. Introduction

The resources allocated to healthcare are scarce; therefore, decision makers (DMs)
must decide how best to allocate them. Resource scarcity occurs in different contexts, i.e.,
with fixed, shrinking or increasing budgets, and so DMs must decide where additional
resources will come from to fund new healthcare programs [1–3]. In the case of increasing
budgets, opportunities to forgo funding for competing (health or non-health) programs are
implicit. If available resources are to be used efficiently, DMs must consider the opportunity
cost (benefits forgone) of resources allocated to new healthcare programs, or what Williams
(1983) described as ensuring “ . . . that the value of what is gained from an activity outweighs the
value of what has to be sacrificed” [4].

Cost-effectiveness analysis (CEA) is presented and used as a means to maximize the
health benefits produced from available resources [5]. The analytical tool of CEA is the
incremental cost-effectiveness ratio (ICER), which is compared to a threshold value (λ),
corresponding to the shadow price of the budget constraint, to determine whether a new
program represents an improvement in efficiency in the use of available resources compared
to the existing allocation of the same resources [6,7]. Using a threshold value as a cut-off
point for identifying efficient programs assumes constant returns to scale and the perfect
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divisibility of programs [1,2,8]. Birch and Gafni [1] developed an alternative decision rule,
which relaxes these assumptions and avoids use of a threshold value. The alternative rule
identifies the additional benefits and resource requirements for a new program and directly
compares the additional benefits with the benefits forgone from meeting the additional
resource requirements by reallocating resources from other programs. In doing so, unlike
the threshold ICER value approach, it satisfies the efficiency requirement presented by
Williams [4]. In the present paper, we do not elaborate on the debate about the decision
rules of cost-effectiveness analysis and assume that the reader is familiar with it by referring
to the respective literature [1–3,8].

While this alternative decision rule is straightforward in the absence of uncertainty
associated with program costs and effects, in reality, both costs and effects are stochastic.
The decision-making plane (DMP) graphically presents the distribution of all potential net
cost and net effect pairs that may result from reallocating resources between programs
under uncertainty [9]. Furthermore, a value function that describes the value of each com-
bination of net cost and net effect may be mapped over the DMP to extend the probabilistic
interpretation of the DMP with the DM’s preferences over uncertain costs and effects [10].
However, a risk-averse DM may also be interested in knowing whether resource allocation
decisions are variance increasing or variance decreasing and the extent of these differences
in the variance, assuming less variance is preferred, ceteris paribus. To this end, DMs may
be risk averse towards costs, as they may need to meet resource constraints [11–13] and
may be reluctant to exceed the available resources. In addition, DMs may be risk averse
towards health outcomes since health is not a transferable good, i.e., those whose health is
increased by funded healthcare programs cannot compensate individuals whose health is
reduced by discontinuing other programs as a result of reallocating resources [12,14,15].
Changes in program portfolio variance therefore represent an additional dimension of
uncertainty not captured by the joint distribution presented on the DMP, and need to be
considered in resource reallocation decisions. Different resource allocation scenarios may
lead to the same or similar distributions of net costs and effects on the DMP. In order to
capture and value the potential change in the variance of the portfolio of funded programs,
which is important to inform risk-averse decision makers, we therefore need to extend the
current approach for valuing uncertain outcomes on the DMP [10].

The present paper is different from the current stream of literature addressing risk
aversion in cost-effectiveness analysis [16–18] because it explicitly considers risk aversion in
healthcare resource reallocation decisions. As explained above, instead of using a threshold
cost-effectiveness ratio as a decision rule, which assumes constant returns to scale, complete
divisibility of programs, and that an additional stream of resources is available at a constant
marginal opportunity cost, we relax these assumptions and address risk aversion when
the portfolio of the funded program is modified (i.e., taking into account the opportunity
cost). This paper is therefore relevant to DMs faced with healthcare resource constraints
when aiming to maximize the health of the population, while, at the same time, addressing
the uncertainty associated with costs and effects of healthcare programs, assuming a risk-
averse decision maker. This may be of the utmost relevance in settings where healthcare
resource constraints limit extensive healthcare program coverage, and health authorities
therefore need to decide which healthcare programs to fund (and which programs to forgo).

In the Methods section, we review the alternative decision rule under certainty and
uncertainty. We then introduce the idea of increasing or decreasing the program portfolio
variance in costs and effects associated with reallocating resources. In the Results section,
we show how a change in the program portfolio variance in costs and effects can be
incorporated in and how this affects the value function with regard to net costs and net
effects. Finally, we discuss areas for possible future research.
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2. Methods
2.1. The Case of Certainty

The rationale behind the alternative decision rule is described in detail elsewhere [1,2,8,19].
Here, we review the formal definitions of the decision rule under certainty [9]. For simplic-
ity, we refer to a fixed budget where only one program is cancelled to free up the additional
resources required to fund a new program.

To fund program A, which will replace program a, we need to find a program B, which
will be replaced by program b, such that both (1) and (2) hold:

∆C(A) ≤ ∆C(B) (1)

and
∆E(A) > ∆E(B) (2)

where ∆C(A) = CA − Ca and ∆C(B) = CB − Cb, and ∆E(A) = EA − Ea and ∆E(B) = EB − Eb.
Consider the example of four healthcare programs, as shown in Table 1. We would

like to introduce new program A, which requires an additional USD 60,000,000 compared
to the current program a. Program A generates 60 Life Years (LYs) more than program a
for the same patient group. Assume that we identify programs B and b, which meet the
requirements of Equations (1) and (2). Program B, if cancelled and replaced by b, releases
USD 70,000,000, but reduces health outcomes by 20 LYs. Therefore, removing program B
from the program portfolio to fund the additional costs of program A leads to a net gain
of 40 LYs without the need to increase resources. As a hypothetical example, program A
may reflect treating patients with lung cancer with surgery and radiochemotherapy, while
program a may reflect treating the same patients with radiochemotherapy only. Moreover,
as a hypothetical example, program B may reflect treating patients with Hepatitis C infection
with antiviral drugs, while program b may represent not treating the same patients with
antiviral drugs.

Table 1. Costs and effects of four hypothetical programs for resource reallocation.

Programs Costs (C)
(In USD 1000)

Effects (E)
(In Life Years)

∆C
(In USD 1000)

∆E
(In Life Years)

Program A 100,000 150 60,000 60
Program a 40,000 90
Program B 140,000 50 70,000 20
Program b 70,000 30

Resource reallocation policy, where program a is replaced with program A, and program B is replaced with program
b. This resource reallocation policy leads to a net gain of USD 10,000,000 and 40 Life Years (see Figure 1). ∆C
denotes incremental costs; ∆E denotes incremental effects.

The results of this deterministic resource reallocation policy are displayed on the DMP
(Figure 1). The DMP is divided into four quadrants by axes representing the net costs and
net effects after resource reallocation. The requirements for efficient resource use of the
alternative decision rule fall in Quadrant I (Figure 1). For the remainder of this paper, we
refer to net costs and net effects to denote the costs and effects after resource reallocation,
which are displayed on the DMP. We refer to net costs and effects as opposed to incremental
costs and effects since more than two (mutually exclusive) programs are involved. We refer
to program costs and effects to denote the costs and effects of the individual programs, i.e.,
A, a, B and b. Finally, we refer to portfolio costs and effects to denote the costs and effects
of the jointly funded programs before and after reallocating resources, i.e., Pf(A + b) and
Pf(a + B), respectively.
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and net effects on the DMP is shown in Figure 3 as a result of sampling 10,000 times from 
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Figure 1. Decision-making plane. The dot in Quadrant I represents a healthcare resource reallocation
policy that leads to a reduction of USD 10,000,000 in net costs and a net increase of 40 Life Years
(see Table 1). This therefore reflects an unambiguous improvement in the allocation of scarce
healthcare resources.

2.2. The Case of Uncertainty

Because the costs and effects of healthcare programs are uncertain, the alternative
decision rule may lead to a non-zero probability that reallocating available resources from
program B to program A may lead to net costs and net effects that do not fall within Quadrant
I of the DMP [9,20,21]. Consider the four programs shown in Table 2. The expected program
costs and effects are identical to those used in the deterministic analysis (Table 1). We
assume a normal distribution for program costs and program effects (following the central
limit theorem, mean costs and mean effects are normally distributed if the sample size is
sufficiently large, irrespective of the underlying distributions) and that costs and effects in
each program are correlated with ρ = 0.5, indicating that increased health outcomes are
associated with higher costs.

We present examples of resource allocation decisions that are variance decreasing
or variance increasing. In the first example, we assume that new program A has a lower
standard deviation for both costs and effects than existing program a, indicating that
uncertainties in costs and uncertainties in effects are reduced by replacing program a with
program A (Table 2, Scenario 1). We further assume that, by removing existing program
B from the program portfolio, and providing program b instead, we further reduce the
uncertainty, i.e., program b has a lower standard deviation for both costs and effects than
program B (Table 2, Scenario 1 and Figure 2a). By reallocating resources between programs,
we replace portfolio Pf(a + B) with portfolio Pf(A + b) (Figure 2a). The joint distribution of net
costs and net effects on the DMP is shown in Figure 3 as a result of sampling 10,000 times
from the four distributions defined in Table 2 and Figure 2a (Scenario 1) and estimating the
net cost and net effect pairs for each sample using R (Version 3.6.1 and RStudio Version
1.2.1335, www.r-project.org, accessed February 28, 2021). Figure 3 shows the credible
ellipses of the joint distribution of net costs and net effects that contain 95%, 50% and 5% of
the samples, respectively, and illustrates the density of the joint distribution of net costs
and net effects on the DMP. The probability that this reallocation policy will result in an
unambiguous improvement in the efficiency of resource use is 67.7%, corresponding to
the proportion of samples falling in Quadrant I of the DMP. There is a 2.0% probability
that cancelling program B and replacing it with program b to release the additional resources
required by program A will result in a net health loss (Quadrant II and III of the DMP)
and a 30.3% probability that the available resources will be insufficient to support this
reallocation, but will result in a net health gain (Quadrant IV of the DMP, Figure 3).
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Table 2. Costs and effects of four programs for resource reallocation with decreasing (Scenario 1) and
increasing (Scenario 2) variance.

Scenario Programs Mean Costs
(In USD 1000)

SD of Costs
(In USD 1000)

Mean Effects
(In Life Years)

SD of Effects
(In Life Years)

Sc. 1 Program A 100,000 5000 150 5
Program a 40,000 13,000 90 13
Program B 140,000 13,000 50 13
Program b 70,000 5000 30 5

Sc. 2 Program A 100,000 13,000 150 13
Program a 40,000 5000 90 5
Program B 140,000 5000 50 5
Program b 70,000 13,000 30 13

Independence of costs and effects between programs is assumed. For a graphical representation of the four
programs in each scenario, see Figure 2a (Scenario 1) and Figure 2b (Scenario 2).

The bivariate normal distribution (BVN) of net costs and net effects on the DMP
reflects the uncertainty associated with program costs and program effects of all four
programs, i.e., those that are replaced and those that are supported by available resources.
As such, the variances of the normal distributions displayed on the DMP are defined, in
general, as

σ2
CDMP

= σ2
CA

+σ2
Ca
+σ2

CB
+σ2

Cb
for costs and (3)

σ2
EDMP

= σ2
EA

+σ2
Ea
+σ2

EB
+σ2

Eb
for effects (4)

where σ2
CDMP

and σ2
EDMP

denote the variances of net costs and net effects, respectively. By
using the joint distribution of net costs and net effects on the DMP for decisions about
whether to reallocate resources to program A, we cannot determine whether the uncertainty
of the (new) program portfolio Pf(A + b) has been increased or reduced compared to the (old)
portfolio Pf(a + B) or by how much. This is because a wide variety of possible combinations
of variances for program costs and effects may lead to the same σ2

CDMP
and σ2

EDMP
. Some

of them may increase portfolio variance and some of them may reduce portfolio variance.
However, this information is important for a risk-averse decision maker (i.e., one who
prefers less risk in program portfolios, ceteris paribus). Because a portfolio with program
B and program a has a larger variance than a portfolio with program A and program b
(Figure 2a and Table 2, Scenario 1), reallocating available resources to program A and b is
variance reducing.

Different healthcare programs may exhibit different levels of uncertainty. For example,
antiretroviral treatment for HIV infection has been found to be variance increasing for both
costs and effects [22]. Before potent antiretroviral treatment was available, patients with
HIV infection had a very short life expectancy and healthcare costs were mainly accrued for
the treatment of AIDS. With the advent of potent antiretroviral drugs, HIV-infected patients
have a close to normal life expectancy and may die of competing risks, such as cancer or
heart attacks. Therefore, the variance of program effects and program costs is increased. In
contrast, Hepatitis B virus infection may involve patients developing liver cancer, which
needs to be treated with expensive procedures [23]. A Hepatitis B vaccination is associated
with a negligible disutility (pain, suffering, or side effects) and may prevent the follow-up
costs of Hepatitis treatment. Therefore, Hepatitis B vaccination may reduce the variance of
both program costs and program effects.

Consider the same four healthcare programs described above, but with reversed
uncertainties, as shown in Table 2 and Figure 2b (Scenario 2). New program A and program
b now have a higher standard deviation for costs and effects than program B and program a.
Therefore, by allocating available resources to program A and b, the overall uncertainty of
the portfolio Pf(A + b) is increased compared to Pf(a + B) (Figure 2b and Table 2, Scenario
2). Since the variances of the joint distribution of net costs σ2

CDMP
and net effects σ2

EDMP
on

the DMP reflect the sum of the variances of all four programs (see Equations (3) and (4)),
the joint distribution on the DMP is identical for both Scenario 1 and Scenario 2 (Figure 3).
Although both the variance-decreasing Scenario 1 (Table 2 and Figure 2a) and the variance-
increasing Scenario 2 (Table 2 and Figure 2b) lead to the same joint distribution of net costs
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and net effects on the DMP (Figure 3), a risk-averse DM prefers Scenario 1 over Scenario 2,
ceteris paribus.
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Figure 2. Healthcare resource reallocation while (a) decreasing and (b) increasing portfolio program
uncertainty. The 5%, 50% and 95% credible ellipses for each program are drawn. The portfolio of
jointly funded programs is indicated in red and blue colors. Program A and program b (both in red)
represent the portfolio of funded programs after resource reallocation, and program B and program a
(both in blue) represent the portfolio of funded programs before resource reallocation. By reallocating
healthcare resources, program a is replaced by program A, and program B is replaced by program b. See
also Scenario 1 and Scenario 2 in Table 2.
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Figure 3. Joint distribution of net costs and net effects on the decision-making plane (DMP). The
distribution of net costs and effects on the DMP were estimated by sampling 10,000 times from the
four distributions defined in Table 2. Both Scenario 1 and Scenario 2 lead to the same distribution on
the DMP. The 5%, 50% and 95% credible ellipses are drawn.

We therefore need to provide information about the uncertainty of the portfolios of
programs to a risk-averse DM before and after resources are reallocated from a and B to A
and b [21]. Resource reallocation to A and b would be preferred if

σ2
CA

+σ2
Cb
< σ2

Ca
+σ2

CB
(5)

ceteris paribus, or
σ2

EA
+σ2

Eb
< σ2

Ea
+σ2

EB
ceteris paribus (6)

Although there may be different approaches to presenting and valuing changes with
regard to portfolio risk, in this paper, we present a simple but robust approach using the
quartile coefficient of dispersion (QCD), which is less sensitive to skewness [24]. The QCD
uses the first (Q1) and third (Q3) quartiles of a distribution for the costs or effects of the
portfolio of funded programs and is estimated as

QCD =
Q3 − Q1

Q3 + Q1
(7)

A higher QCD indicates greater dispersion, and can thus be used to compare the
degree of uncertainty between programs descriptively. There are other metrics that may be
used to describe dispersion, such as the coefficient of variation, commonly used in finance,
which is estimated by taking the ratio of the standard deviation to the mean. However,
in a highly skewed distribution, the standard deviation is strongly affected by the tail
of the distribution and outliers. The QCD is less sensitive to skewness as quartiles of a
distribution are used for estimating the QCD, and differences between the extreme values
in the tail are disregarded.

We can now evaluate the change in uncertainty by comparing the QCDs for the
costs and effects of Pf(A + b) and Pf(a + B). Consider Scenario 1 (Table 2), where portfolio
uncertainty is reduced. The QCD of portfolio Pf(a + B) for portfolio costs and portfolio
effects before implementing program A is 0.069 and 0.089, respectively (Table 3). After
available resources have been reallocated to A and b, the QCD for portfolio costs and
portfolio effects is reduced to 0.028 and 0.026, respectively (Table 3). On the other hand,
if we consider Scenario 2 (Table 2), where portfolio uncertainty is increased, the QCD of
portfolio Pf(a + B) for costs and effects, before reallocating available resources to A and b, is
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0.027 and 0.034, respectively (Table 3). After reallocating resources to A and b, the QCD of
portfolio Pf(A + b) for costs and effects is increased to 0.074 and 0.070, respectively (Table 3).
As such, the alternative decision rule increases the portfolio risk with regard to costs and
effects by factors of 2.7 and 2.1, respectively. Including change in portfolio variance, as
described by a change in (for example) QCD, in the valuation of outcomes on the DMP is
therefore important in order to inform risk-averse decision makers. This will be further
discussed in the section “Valuing Outcomes on the Decision-Making Plane”.

Table 3. Quartile coefficient of dispersion for costs and effects in two scenarios (using 10,000 samples)
for resource reallocation (variance-decreasing Scenario 1 and variance-increasing Scenario 2).

Portfolio
Costs and Effects

Variance-Decreasing
Scenario 1

Variance-Increasing
Scenario 2

Costs (A + b) 0.028 0.074
Effects (A + b) 0.026 0.070
Costs (a + B) 0.069 0.027

Effects (a + B) 0.089 0.034

The probabilities of net costs and net effects falling in each quadrant of the DMP
plane as a result of reallocating resources may also be calculated analytically. In situations
where a disease model can be evaluated analytically, this would be the preferred approach
to describe the structure of the system. However, in more complicated disease models,
analysts usually resort to simulation for evaluating a cost-effectiveness model. As shown
in Figure 3, the joint distribution of net costs (CDMP) and net effects (EDMP) on the DMP
follows a BVN distribution, and the quadrant probabilities can be derived by integration of
the BVN.

For computational purposes, it is convenient to standardize the variables on the DMP,
as follows. The x- and y-axes in the resultant standardized BVN are:

x =
EDMP − µEDMP

σEDMP

and y =
CDMP − µCDMP

σCDMP

where µEDMP and σEDMP are the mean and standard deviation of the observed values of
EDMP, and µCDMP and σCDMP are the corresponding parameters for CDMP.

In order to calculate the probability p1 for Quadrant I, for instance, we can use the
bivariate integral

p1 =
∫ 0

−∞

∫ ∞

0
ϕ(x, y, ρ)dx.dy (8)

where ϕ(x, y, ρ) is the probability distribution function for the standardized BVN distribu-
tion, with a correlation ρ between the variables x and y.

The probabilities for the other three quadrants are as follows:

p2 =
∫ 0

−∞

∫ 0

−∞
ϕ(x, y)dx.dy for Quadrant II (9)

p3 =
∫ ∞

0

∫ 0

−∞
ϕ(x, y)dx.dy for Quadrant III (10)

p4 =
∫ ∞

0

∫ ∞

0
ϕ(x, y)dx.dy for Quadrant IV (11)

In order to implement these calculations, one requires the input values for the param-
eters µEDMP , σEDMP , µCDMP and σCDMP , together with the correlation ρ between EDMP and
CDMP. The means in the two dimensions of the DMP plane are

µEDMP = ∆E(A)− ∆E(B)
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and
µCDMP = ∆C(A)− ∆C(B)

with appropriate values of the component costs and effects of each program being used to
estimate the numerical coordinates of the center of the ellipses in Figure 3. The variances
of the ellipses’ x and y distributions are given by Equations (3) and (4).

The correlation required in (8)–(11) can be derived as:

ρ =
ρA·σCA ·σEA + ρa·σCa ·σEa + ρB·σCB ·σEB + ρb·σCb ·σEb

σEDMP ·σCDMP

where ρA is the correlation between the cost and effect values within program A and,
similarly, for programs a, B and b.

Numerical evaluation of the integrals, such as in (8), will provide accurate values
for the quadrant probabilities of the joint distribution displayed in Figure 3, and hence
provide a means to validate the simulation results [25]. However, these evaluations (both
from the integrals and from the simulations) are accurate only if the inherent assumptions
are correct. In particular, the values of the input parameters must be correct, and the data
should be normally distributed. Non-trivial departures from these assumptions will lead
to inaccurate results from both the analytic solution and from simulated samples.

A related issue here is that the parameters may need to be estimated from sample data
and, therefore, unless sample sizes are very large, there will be sample variation that affects
the parameter estimates and, hence, the estimated quadrant probabilities. As such, there
will be additional uncertainty in the positions and sizes of the ellipses in Figure 3, and the
estimated quadrant probabilities will be affected; the ellipses will become more inflated,
with consequent changes in their component quadrant probabilities. It may be possible to
extend our analytic approach to take into account the sample variation in the estimated
parameters, but this is something that is beyond the scope of the current paper.

3. Results
Valuing Outcomes on the Decision-Making Plane

Decision makers may not give equal value to every potential outcome of a reallocation
of available resources on the DMP. Gafni et al. [10] suggested mapping a value function over
the DMP that reflects a DM’s preferences for all possible net cost and net effect pairs using
loss and gain functions. Such value functions imply that not every resource reallocation
outcome in Quadrant I of the DMP may be considered as equally good and not every
resource reallocation outcome outside Quadrant I (i.e., Quadrants II, III and IV) as equally
bad [10]. Gafni et al. suggested, as a hypothetical example, that loss f and gain g functions
for each quadrant of the DMP may be defined as shown in Table 4, where x = ∆E(A)
− ∆E(B) and y = ∆C(A) − ∆C(B) [10]. The exponents α1 and α2 represent the decision
maker’s valuation of resource reallocation outcomes x and y and reflect a progressively
increasing (if >1) or decreasing (if <1) rate of gain or loss as one moves away from the
origin of the DMP [10]. The exponents α1 and α2 are specific to a DM (here we will assume
α1 = α2 = 2), and can be interpreted as a risk aversion parameter [10].

In the present paper, we introduce further exponents (β1 and β2; Table 4), which
are additional parameters used to modify a risk-averse decision maker’s valuation of
resource reallocation outcomes depending on whether a reallocation is variance increasing
or variance decreasing, and the extent of these differences in the variance. The value of
gains (and losses) in the different quadrants of the DMP may be reduced (or increased) if
reallocating resources is variance increasing (i.e., β1 < 1 and β2 > 1), since this may represent
a disutility to a risk-averse DM. On the other hand, if moving from portfolio Pf(a + B) to
portfolio Pf(A + b) is variance decreasing, and hence represents an increase in utility to the
DM, then the value of net gains (and net losses) on the DMP may be increased (or decreased)
(i.e., β1 > 1 and β2 < 1). If reallocating available resources between programs is neither
variance increasing nor variance decreasing, then β1 = β2 = 1. Using the net gain and loss
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functions defined above (Table 4), we can estimate the value of total expected net gain and
total expected net loss of reallocating available resources in the two scenarios, assuming,
for demonstration purposes, β1 = 1.1 and β2 = 0.9 for portfolio risk reduction and β1 = 0.9
and β2 = 1.1 for an increase in portfolio risk (Tables 4 and 5). Depending on the DM’s value
function and whether the uncertainty of both costs and effects are increased or decreased
in the same or opposite directions, one could define a separate correcting factor for costs
β1C and effects β1E for gains (and β2C and β2E for losses). However, for demonstration
purposes, we assume β1C = β1E = β1. We emphasize that these are hypothetical estimates
and are presented to demonstrate how a change in portfolio variance may affect the value
function. In reality, one would need to elicit the respective preferences from the DM (i.e.,
his/her value function).

Table 4. Loss and gain function for outcomes in the four quadrants of the DMP.

Quadrant Loss Gain

SE (I) fSE = 0 gSE= |y|α2β1 + |x|α1β1

SW (II) fSW = |x|α1β2 gSE = |y|α2β1

NW (III) fNW= |y|α2β2 + |x|α1β2 gNW = 0
NE (IV) fNE = |y|α2β2 gNE = |x|α1β1

X = ∆E(A) − ∆E(B); y = ∆C(A) − ∆C(B); α1 = α2 = 2 (represents the decision maker’s value function without
adjustment for change in portfolio variance); β1 and β2 are factors that adjust the decision maker’s value function
for a change in portfolio variance.

To estimate expected net gain and expected net loss using the value function defined
above (Table 4), we drew 10,000 samples from the original distributions for program costs
and program effects, as shown in Table 2 and rescaled costs (Costs/USD 10,000,000, i.e.,
units of USD 10 M) and effects (LY/10, i.e., units of 10 LY) to facilitate a comparison of costs
and effects. This ensures that costs and effects contribute equally to the value function;
otherwise, the impact of health outcomes on net gains and net losses would be negligible
and net gains and net losses would primarily reflect the valuation of costs. This does
not affect the quadrant probabilities, nor does it affect the relative ranking of net cost–net
effect pairs on the DMP. Note that the rescaling “creates”, in our example, a single and
constant “currency”, independent of the magnitude of the exponents used in the value
function for costs and effects. For each quadrant on the DMP, the expected net gain and
net loss were computed by multiplying the expected values within a quadrant by the
percentage of samples falling in that quadrant. As shown in Table 5, assuming β1 = β2 = 1,
the net gain and net loss are the same for both the variance-decreasing scenario and the
variance-increasing scenario, with the small difference in net gain and net loss representing
sampling variations. If the reallocation of available resources on the DMP is penalized
(β1 = 0.9, β2 = 1.1) due to an increase in uncertainty for both costs and effects (Scenario 2,
Table 5), which may represent a disutility to the decision maker, then the net gain is reduced
to 17.50. On the other hand, if available resource reallocation leads to a variance reduction
(Scenario 1, Table 5), the decision maker may perceive a higher utility (β1 = 1.1, β2 = 0.9)
and the net gain is then increased to 33.04. In our example, net losses are reduced to 0.69 for
the variance-reducing scenario and increased to 1.03 for the variance-increasing scenario.
That is, the ranking of the reallocation decision changes from being indifferent between
Scenario 1 and Scenario 2, when ignoring the change in portfolio risk, to preferring Scenario
1 over Scenario 2 when we include the change in portfolio risk in the value function for a
risk-averse decision maker.
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Table 5. Net gain and net loss by reallocating resources for two scenarios (using 10,000 samples) for
resource reallocation (variance-decreasing Scenario 1 and variance-increasing Scenario 2).

Exponent Scenario 1
Decreasing Uncertainty

Scenario 2
Increasing Uncertainty

Net Gain Net Loss Net Gain Net Loss

β1 = β2 = 1 23.99 0.82 23.96 0.84
β1 = 0.9, β2 = 1.1 17.50 1.03
β1 = 1.1, β2 = 0.9 33.04 0.69

Costs (C) and effects (E) were rescaled by C/USD 10 M and E/10 LY.

4. Discussion

In this paper, we extended the previous work dealing with the uncertainty of the net
costs and net effects when reallocating resources to include the risk aversion of the DM
towards an increase in portfolio risk. In the present paper, we take a different approach than
other current studies, which address risk aversion and affordability within the context of
cost-effectiveness analysis. In a recent paper, for example, Lomas suggested a modification
of the net benefit approach using a threshold ratio as a decision rule, which is adjusted
depending on the budget impact of a new program [26]. However, once an adjusted
threshold ratio has been defined, it assumes the perfect divisibility of programs and
constant marginal opportunity costs. Our approach directly compares the benefits gained
by a new program after a candidate program (or a set of programs) has been removed,
i.e., no assumptions about the divisibility of programs and marginal opportunity costs are
made. A different approach in the presence of uncertain costs and effects, and in the absence
of any information on candidate programs to be deleted, would be to directly address the
budget impact using the cost-effectiveness affordability curve [27]. This approach, however,
assumes that an additional stream of resources is available, where the opportunity costs
may be non-health related.

How changes in portfolio risk translate into a value function depends on the prefer-
ences of a decision maker. In this paper, we assume that a DM prefers less risk, and this is
reflected in a smaller variance, ceteris paribus. Other value functions, such as a preference
for min–max reduction, would also be possible. We would then seek to reduce the spread
of the costs and effects of the portfolio after resource reallocation. A mean–variance utility
function may also be appropriate to model the trade-off between expected return and
risk [11,28,29]. Incorporating changes in portfolio risk into a value function is an empirical
matter. In the present paper, we reduced (or increased) the net gain (or net loss) on the
DMP when introducing a new program that is variance increasing. This implies that the
exponent of the value function for net gains and net losses is modified. Recent empirical
research has focused on evaluating the value function of a sample of the general public in
France for different resource reallocation policies [30,31]. Change in portfolio risk, however,
is an additional level of uncertainty that may impact the decision maker’s valuation of net
costs and net effects. Linking the change in portfolio risk to the valuation of net costs and
effects requires a preference function, such as a utility function or prospect theory value
function, which is subject to future research and beyond the scope of the present paper.

In the present paper, we assumed risk aversion towards both costs and effects. How-
ever, this approach could be extended to only include risk aversion towards effects and
risk neutrality towards costs (or vice versa). In that case, we would limit the value function
for gains and losses to health effects only and consider a resource reallocation as long as
expected costs do not exceed the anticipated budget level. Furthermore, the value functions
used for estimating gains and losses could be modified depending on the preferences
of a decision maker, e.g., if a decision maker would prefer to weigh uncertain gains in
health outcomes more than potential losses, the exponents of the value function could be
adjusted accordingly.
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5. Conclusions

Changes in the before–after variance of a portfolio of healthcare programs may rep-
resent important components of portfolio risk that need to be assessed and included in
the value function of net gains and net losses over the DMP. Empirical research is needed
to evaluate how DMs value such changes in portfolio risk. In addition, future research
should focus on defining and linking a preference function, such as a utility function or
prospect theory value function, to the change in the variance of the costs and effects of the
portfolio of funded programs. The methodology presented in this paper is of particular
interest to DMs who are risk averse, as it will help to better incorporate their preferences in
the process of deciding how to best allocate scarce healthcare resources.

Author Contributions: Conceptualization, P.S., A.G., S.B. and S.D.W.; methodology, P.S., A.G., S.B.
and S.D.W.; formal analysis, P.S. and S.D.W.; writing—original draft preparation, P.S. and S.D.W.;
writing—review and editing, A.G. and S.B.; All authors have read and agreed to the published
version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Available on request from the authors.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Birch, S.; Gafni, A. Cost effectiveness/utility analyses. Do current decision rules lead us to where we want to be? J. Health Econ.

1992, 11, 279–296. [CrossRef]
2. Gafni, A.; Birch, S. Guidelines for the adoption of new technologies: A prescription for uncontrolled growth in expenditures and

how to avoid the problem. CMAJ 1993, 148, 913–917.
3. Birch, S.; Gafni, A. Information created to evade reality (ICER): Things we should not look to for answers. Pharmacoeconomics

2006, 24, 1121–1131. [CrossRef]
4. Williams, A. The economic role of health indicators. In Measuring the Social Benefits of Medicine; Teeling Smith, G., Ed.; Office of

Health Economic: London, UK, 1983; pp. 63–67.
5. Weinstein, M.C.; Stason, W.B. Foundations of cost-effectiveness analysis for health and medical practices. N. Engl. J. Med. 1977,

296, 716–721. [CrossRef]
6. Weinstein, M.; Zeckhauser, R. Critical ratios and efficient allocation. J. Public Econ. 1973, 2, 147–157. [CrossRef]
7. Eichler, H.-G.; Kong, S.X.; Gerth, W.C.; Mavros, P.; Jönsson, B. Use of cost-effectiveness analysis in health-care resource allocation

decision-making: How are cost-effectiveness thresholds expected to emerge? Value Health 2004, 7, 518–528. [CrossRef]
8. Gafni, A.; Birch, S. Incremental cost-effectiveness ratios (ICERs): The silence of the lambda. Soc. Sci. Med. 2006, 62, 2091–2100.

[CrossRef]
9. Sendi, P.; Gafni, A.; Birch, S. Opportunity costs and uncertainty in the economic evaluation of health care interventions. Health

Econ. 2002, 11, 23–31. [CrossRef]
10. Gafni, A.; Walter, S.; Birch, S. Uncertainty and the decision maker: Assessing and managing the risk of undesirable outcomes.

Health Econ. 2013, 22, 1287–1294. [CrossRef]
11. O’Brien, B.J.; Sculpher, M.J. Building uncertainty into cost-effectiveness rankings: Portfolio risk-return tradeoffs and implications

for decision rules. Med. Care 2000, 38, 460–468. [CrossRef]
12. Al, M.J.; Feenstra, T.L.; Hout, B.A.V. Optimal allocation of resources over health care programmes: Dealing with decreasing

marginal utility and uncertainty. Health Econ. 2005, 14, 655–667. [CrossRef]
13. Groot Koerkamp, B.; Hunink, M.G.M.; Stijnen, T.; Hammitt, J.K.; Kuntz, K.M.; Weinstein, M.C. Limitations of acceptability curves

for presenting uncertainty in cost-effectiveness analysis. Med. Decis. Mak. 2007, 27, 101–111. [CrossRef] [PubMed]
14. Ben-Zion, U.; Gafni, A. Evaluation of public investment in health care. Is the risk irrelevant? J. Health Econ. 1983, 2, 161–165.

[CrossRef]
15. Sendi, P. Dealing with Bad Risk in Cost-Effectiveness Analysis: The Cost-Effectiveness Risk-Aversion Curve. Pharmacoeconomics

2021, 39, 161–169. [CrossRef]
16. Elbasha, E.H. Risk aversion and uncertainty in cost-effectiveness analysis: The expected-utility, moment-generating function

approach. Health Econ. 2005, 14, 457–470. [CrossRef] [PubMed]
17. Zivin, J.G.; Bridges, J.F. Addressing risk preferences in cost-effectiveness analyses. Appl. Health Econ. Health Policy 2002, 1, 135–139.

http://doi.org/10.1016/0167-6296(92)90004-K
http://doi.org/10.2165/00019053-200624110-00008
http://doi.org/10.1056/NEJM197703312961304
http://doi.org/10.1016/0047-2727(73)90002-9
http://doi.org/10.1111/j.1524-4733.2004.75003.x
http://doi.org/10.1016/j.socscimed.2005.10.023
http://doi.org/10.1002/hec.641
http://doi.org/10.1002/hec.2883
http://doi.org/10.1097/00005650-200005000-00003
http://doi.org/10.1002/hec.973
http://doi.org/10.1177/0272989X06297394
http://www.ncbi.nlm.nih.gov/pubmed/17409361
http://doi.org/10.1016/0167-6296(83)90005-X
http://doi.org/10.1007/s40273-020-00969-5
http://doi.org/10.1002/hec.915
http://www.ncbi.nlm.nih.gov/pubmed/15386661


Healthcare 2021, 9, 325 13 of 13

18. Phelps, C.E. A New Method to Determine the Optimal Willingness to Pay in Cost-Effectiveness Analysis. Value Health 2019,
22, 785–791. [CrossRef]

19. Sendi, P.; Gafni, A.; Birch, S. Ethical economics and cost-effectiveness analysis: Is it ethical to ignore opportunity costs? Expert Rev.
Pharmacoecon. Outcomes Res. 2005, 5, 661–665. [CrossRef]

20. Gafni, A.; Walter, S.D.; Birch, S.; Sendi, P. An opportunity cost approach to sample size calculation in cost-effectiveness analysis.
Health Econ. 2008, 17, 99–107. [CrossRef]

21. Sendi, P.; Al, M.J.; Gafni, A.; Birch, S. Optimizing a portfolio of health care programs in the presence of uncertainty and constrained
resources. Soc. Sci. Med. 2003, 57, 2207–2215. [CrossRef]

22. Sendi, P.P.; Bucher, H.C.; Harr, T.; Craig, B.A.; Schwietert, M.; Pfluger, D.; Gafni, A.; Battegay, M. Cost effectiveness of highly
active antiretroviral therapy in HIV-infected patients. Swiss HIV Cohort Study. AIDS 1999, 13, 1115–1122. [CrossRef]

23. Leidner, A.J.; Murthy, N.; Chesson, H.W.; Biggerstaff, M.; Stoecker, C.; Harris, A.M.; Acosta, A.; Dooling, K.; Bridges, C.B.
Cost-effectiveness of adult vaccinations: A systematic review. Vaccine 2019, 37, 226–234. [CrossRef] [PubMed]

24. Bonett, D.G. Confidence interval for a coefficient of quartile variation. Comput. Stat. Data Anal. 2006, 50, 2953–2957. [CrossRef]
25. Sendi, P.P.; Craig, B.A.; Pfluger, D.; Gafni, A.; Bucher, H.C. Systematic validation of disease models for pharmacoeconomic

evaluations. Swiss HIV Cohort Study. J. Eval. Clin. Pract. 1999, 5, 283–295. [CrossRef]
26. Lomas, J.R.S. Incorporating Affordability Concerns Within Cost-Effectiveness Analysis for Health Technology Assessment. Value

Health 2019, 22, 898–905. [CrossRef]
27. Sendi, P.P.; Briggs, A.H. Affordability and cost-effectiveness: Decision-making on the cost-effectiveness plane. Health Econ. 2001,

10, 675–680. [CrossRef] [PubMed]
28. Kroll, Y.; Levy, H.; Markowitz, H.M. Mean-Variance Versus Direct Utility Maximization. J. Financ. 1984, 39, 47–61. [CrossRef]
29. Baron, D.P. On the Utility Theoretic Foundations of Mean-Variance Analysis. J. Financ. 1977, 32, 1683–1697. [CrossRef]
30. Krucien, N.; Pelletier-Fleury, N.; Gafni, A. Measuring Public Preferences for Health Outcomes and Expenditures in a Context of

Healthcare Resource Re-Allocation. Pharmacoeconomics 2019, 37, 407–417. [CrossRef]
31. Krucien, N.; Heidenreich, S.; Gafni, A.; Pelletier-Fleury, N. Measuring public preferences in France for potential consequences

stemming from re-allocation of healthcare resources. Soc. Sci. Med. 2020, 246, 112775. [CrossRef] [PubMed]

http://doi.org/10.1016/j.jval.2019.03.003
http://doi.org/10.1586/14737167.5.6.661
http://doi.org/10.1002/hec.1244
http://doi.org/10.1016/S0277-9536(03)00086-8
http://doi.org/10.1097/00002030-199906180-00016
http://doi.org/10.1016/j.vaccine.2018.11.056
http://www.ncbi.nlm.nih.gov/pubmed/30527660
http://doi.org/10.1016/j.csda.2005.05.007
http://doi.org/10.1046/j.1365-2753.1999.00174.x
http://doi.org/10.1016/j.jval.2019.05.003
http://doi.org/10.1002/hec.639
http://www.ncbi.nlm.nih.gov/pubmed/11747050
http://doi.org/10.1111/j.1540-6261.1984.tb03859.x
http://doi.org/10.1111/j.1540-6261.1977.tb03363.x
http://doi.org/10.1007/s40273-018-0751-1
http://doi.org/10.1016/j.socscimed.2019.112775
http://www.ncbi.nlm.nih.gov/pubmed/31923838

	Introduction 
	Methods 
	The Case of Certainty 
	The Case of Uncertainty 

	Results 
	Discussion 
	Conclusions 
	References

