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Methods for Communicating the Impact

of Parameter Uncertainty in a Multiple-
Strategies Cost-Effectiveness Comparison

Henri B. Wolff , Venetia Qendri, Natalia Kunst,

Fernando Alarid-Escudero , and Veerle M.H. Coupé

Purpose. Analyzing and communicating uncertainty is essential in medical decision making. To judge whether risks
are acceptable, policy makers require information on the expected outcomes but also on the uncertainty and poten-
tial losses related to the chosen strategy. We aimed to compare methods used to represent the impact of uncertainty
in decision problems involving many strategies, enhance existing methods, and provide an open-source and easy-to-
use tool. Methods. We conducted a systematic literature search to identify methods used to represent the impact of
uncertainty in cost-effectiveness analyses comparing multiple strategies. We applied the identified methods to prob-
abilistic sensitivity analysis outputs of 3 published decision-analytic models comparing multiple strategies. Subse-
quently, we compared the following characteristics: type of information conveyed, use of a fixed or flexible
willingness-to-pay threshold, output interpretability, and the graphical discriminatory ability. We further proposed
adjustments and integration of methods to overcome identified limitations of existing methods. Results. The litera-
ture search resulted in the selection of 9 methods. The 3 methods with the most favorable characteristics to compare
many strategies were 1) the cost-effectiveness acceptability curve (CEAC) and cost-effectiveness acceptability frontier
(CEAF), 2) the expected loss curve (ELC), and 3) the incremental benefit curve (IBC). The information required to
assess confidence in a decision often includes the average loss and the probability of cost-effectiveness associated with
each strategy. Therefore, we proposed the integration of information presented in an ELC and CEAC into a single
heat map. Conclusions. This article presents an overview of methods presenting uncertainty in multiple-strategy cost-
effectiveness analyses, with their strengths and shortcomings. We proposed a heat map as an alternative method that
integrates all relevant information required for health policy and medical decision making.

Highlights

� To assess confidence in a chosen course of action, decision makers require information on both the
probability and the consequences of making a wrong decision.

� This article contains an overview of methods for presenting uncertainty in multiple-strategy cost-
effectiveness analyses.

� We propose a heat map that combines the probability of cost-effectiveness from the cost-effectiveness
acceptability curve (CEAC) with the consequences of a wrong decision from the expected loss curve.

� Collapsing of the CEAC can be reduced by relaxing the CEAC, as proposed in this article.
� Code in Microsoft Excel and R is provided to easily analyze data using the methods discussed in this article.
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Introduction

Cost-effectiveness analysis (CEA) is a method that com-
pares the costs and health benefits of alternative strate-
gies, allowing policy makers to make informed decisions.
The optimal strategy often depends on the willingness to
pay (WTP) per unit of health gain. The confidence in the
chosen course of action should be assessed in sensitivity
analyses to determine how parameter uncertainty can
affect model outcomes. Validation studies can also be
used to determine how good the conclusions hold for dif-
ferent patient populations and tools to identify other
methodological issues such as structural uncertainty.1,2

Probabilistic sensitivity analysis (PSA) is a powerful
method to assess parameter uncertainty and is therefore
an essential requirement for health technology assess-
ments in many journals, guidelines, and reimbursement
or funding agencies.3,4 PSAs are performed to propa-
gate uncertainty from model input parameters to model
outcomes and give insight into the impact of uncer-
tainty around model parameters on health and cost
outcomes of different decision options. A PSA is con-
ducted by randomly sampling model parameters’ val-
ues from prespecified distributions and reestimating the
model outcomes.

Traditionally, when 2 strategies are compared, the
PSA can be presented in a cost-effectiveness plane by
plotting the difference in costs and the difference in effec-
tiveness between the 2 strategies. This gives insight into 2

important features: the percentage of simulations in
which the new strategy is cost-effective compared with
the comparator strategy and the size of the differences in
costs and effectiveness. A strategy can have a high prob-
ability of being cost-effective, but this probability may
be less important if the differences in costs and effective-
ness are not relevant in size. Both the probability of cost-
effectiveness and the comparator strategy that can poten-
tially be lost when a wrong decision is made should
therefore be included in a CEA and the decision-making
process of policy makers.

It is, however, unclear how to interpret a cost-
effectiveness plane with more than 2 strategies.5 PSA
outcomes can also be presented graphically with other
methods, differing in the type of information shown,
which is often a probability, risk, benefit, or loss assigned
to a wrong decision. CEA guidelines advise presenting
the PSA results using the cost-effectiveness acceptability
curve (CEAC) and frontier (CEAF). The CEAC shows
the probability of cost-effectiveness for each strategy and
the CEAF the strategy with the highest expected net ben-
efit, but neither shows the consequences of making a
wrong decision.1,6,7

Furthermore, if a study involves a comparison of a
high number of strategies, it is likely that many of the
strategies’ outcomes are relatively similar. In this case,
the probability for any single strategy to outperform all
other comparator strategies may be low, leading to over-
lapping CEACs with a very low probability of any strat-
egy being cost-effective. An example of this problem is
visible in the study by Wolff et al.,8 which compared 108
surveillance strategies of lung cancer, resulting in inter-
pretation problems for decision makers.9 In these types
of surveillance and screening studies that compare many
strategies with very similar outcomes, other factors may
become important in the choice for the ‘‘best’’ strategy,
such as the difficulty in implementing a strategy. To our
knowledge, there is no consensus on the best way to rep-
resent and communicate the impact of parameter uncer-
tainty in economic evaluations when considering many
alternative strategies.

Hence, in the present study, we first performed a
citation-mining literature search to identify alternative
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methodologies to the CEAC and CEAF to represent
uncertainty.10 Second, we identified potential strengths
and shortcomings for each of the identified methods by
applying them to 3 PSA data sets from different, previ-
ously published decision-analytic models that considered
many strategies. Third, we propose an approach to
address some of the potential shortcomings of the exist-
ing methods by modifying and integrating the identified
methods. Finally, we provide the R code developed to
apply the identified methods.

Methods

Systematic Review

The current standard methods for graphical representa-
tion of uncertainty recommended by the Professional
Society for Health Economics and Outcomes Research–
Society for Medical Decision Making (ISPOR-SMDM)
Task Force are the CEAC and the CEAF.1

We performed a systematic search of the literature to
identify other methods that can assess and communicate
the impact of uncertainty in a cost-effectiveness compari-
son of multiple strategies. We used a forward snowbal-
ling approach10 between March 4, 2020, and August 26,
2020, to identify articles that cited articles in which the
CEAC ‘‘OR’’ CEAF were introduced,11,12 using the ‘‘see
all cited by articles’’ function on PubMed.

The identified articles were reviewed in the first search
round based on titles and subsequently on abstracts and
full texts by 2 reviewers (H.B.W. and V.Q. or V.M.H.C.).
If the reviewers disagreed on inclusion/exclusion, a third
reviewer was consulted (V.Q., V.M.H.C., or N.K.). In
the second search round, we used backward snowbal-
ling10 to review all citations in the articles that were
selected in the first round (Figure 1).

The selection criteria for titles, abstracts, and full text
were as follows:

1. Articles that include methods representing the prob-
ability or potential consequences of all potential out-
comes associated with the selection of the cost-
effective strategy from multiple options were included.

2. Methods that cannot be applied to a PSA data set
were excluded, as they cannot be compared with
other methods by application to case studies.

3. If multiple articles discussed the same method (for
instance, the CEAC), only the article with the earli-
est publication date was selected.

4. Only articles written in English were selected for
review.

Value-of-information analysis (VOI) methods were
excluded, because VOI does not compare the probability
of cost-effectiveness or monetary or health losses related
to the potential consequences of multiple options and
instead focuses on the uncertainty of the efficient fron-
tier. Therefore, VOI lies outside of the scope of the cur-
rent study. For more information on this topic, we refer
to other review articles on VOI.7,13,14

Application of Methods

The identified methods that are used to present the uncer-
tainty in CEAs are evaluated with the use of PSA data
sets. A PSA is designed to reflect the effect of the underly-
ing parameter uncertainty on the conclusions of a model.
In a PSA, model simulations are run iteratively using dif-
ferent parameter sets that have been randomly drawn
from their respective distributions. For this methods com-
parison, PSA data sets of 3 case studies were used.

The first example PSA data set came from the study
of Rojnik et al.15 Methods were also applied to 2 addi-
tional case studies with 5 and 108 strategies to investigate
the effect of the number of compared strategies on gra-
phical discriminatory ability (see Appendix 2). The
authors from the 3 studies provided a file with the PSA
output from their respective analysis, which contained
the costs and life-years or quality-adjusted life-years
(QALYs) of each strategy considered in their analysis
and for each PSA iteration.

The study by Rojnik et al.15 compared the costs and
health effects of 37 breast cancer prevention strategies for
a healthy population, based on mammography screening
with 3 intervals over 12 different screening periods and 1
strategy with no screening. Breast cancer can be diag-
nosed as local, regional, or distant in the model, resulting
in different probabilities of breast cancer death. Breast
cancer can also be clinically detected after symptoms
appear. A Markov cohort model was used, for which 38
input model parameters were varied in the PSA. See
Appendix section 2 for a description and implementation
of the other 2 case studies.

In the systematic review, we focused on methods that
can be applied to different cost-effectiveness measures
that integrate the costs and health outcomes of each con-
sidered strategy, including the net monetary benefit
(NMB), net health benefits, and return on investment.
These are calculated as NMB = WTP 3 Effectiveness –
Costs, NHB = Effectiveness – Costs/WTP, and ROI =
(WTP 3 Effectiveness – Costs)/Costs. For the case stud-
ies, we used the NMB because it is the most commonly
used measure. To translate the health effect (QALYs or
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life-years) into monetary value, we used either a variable
WTP or a fixed WTP of 50,000 e/QALY.16

Comparison and Adaptation of Methods

We compared all methods identified through the litera-
ture review focusing on the following 4 characteristics:

1. The type of uncertainty information conveyed.
Uncertainty can either be expressed as a probability
related to a specified outcome or an outcome value

such as NMB, incremental NMB, or the variable
‘‘expected loss,’’ which is the average difference in
NMB with the cost-effective strategy.

2. Interpretability of the graphical representation,
scored by the authors of this study. We gave a score
between 1 and 10 based on the response to 3 ques-
tions: ‘‘I understand the variables plotted on the
x-axis and y-axis of the figure,’’ ‘‘This figure will help
me in making a decision,’’ and ‘‘This figure clearly
shows the probability or consequences related to the
decision options.’’ These scores were subsequently

Figure 1. Flow chart of the systematic literature search. The first search round used forward snowballing to identify the titles of
articles that referenced the original articles introducing the methodology of the cost-effectiveness acceptability curve (CEAC) and
cost-effectiveness acceptability frontier (CEAF). The second search round used backward snowballing to identify articles
referenced by articles selected in the first search round. In both the first and second search rounds, the selection criteria were
applied to titles, abstracts, and full papers. Nine methods were identified from the 24 selected articles.
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averaged over questions and authors. Average scores
below 6 are considered ‘‘bad,’’ between 6 and 8 are
‘‘average,’’ and 8 and above are ‘‘good.’’

3. WTP threshold. Whether the impact of uncertainty
is assessed over a range of WTP threshold values
(represented on the x-axis) or fixed at a specific
WTP threshold.

4. Graphical discriminatory ability. We assigned a
score of ‘‘good’’ when all lines are visible, ‘‘bad’’
when less than half of the lines are visible, or when
the cost-effective strategies are indistinguishable by
eye, and ‘‘average’’ when discriminatory ability lies
in between those two.

In comparing the methods, we used the identified short-
comings to make suggestions for improvement of the
current methods. These adjustments are discussed in the
Results section ‘‘adapted methods’’ and further discussed
in Appendix section 3.

Results

Systematic Review

The first round of the literature search resulted in 465
records on PubMed. Based on our selection criteria, 54
titles were selected. Excluding all abstracts with no full
articles identified led to the exclusion of 16 titles. For the
remaining 38 titles, the full-text articles were evaluated,
which resulted in the selection of 11 articles. The references
of these 11 articles provided 197 unique new articles that
were reviewed in the second round. A total of 79 articles
were selected from those articles, of which 34 abstracts
were evaluated, resulting in 13 full-text articles. The combi-
nation of the 11 and 13 full-text articles that were selected
jointly described 9 unique methods (Figure 1).

Application to Case Studies and Characteristics
of the Methods

The 9 methods and their characteristics are shown in
Table 1 and discussed below. The methods are briefly
described in the following paragraphs, and the formulas
used to construct each of the graphical representations
can be found in Appendix section 1.

We refer to Github22 for the R code that can be used
to make the graphs corresponding to each of the meth-
ods for each case study and for the Excel file that can be
used to create a CEAC, expected loss curve (ELC), sto-
chastic dominance plot, incremental benefit curve, and
return risk plot.

Methods with a WTP Axis

Figure 2A–C shows the application of the CEAF, ELC,
and expected benefit plot, respectively. In all 3 methods,
the x-axis shows the WTP threshold used to calculate the
NMB values for each strategy in the PSA. The dashed
black lines show the frontiers in the CEAC and ELC,
which are the strategies with the highest expected NMB.

The CEAC shows the probability of each strategy
being cost-effective on the y-axis, which is the proportion
of PSA iterations that each strategy has the highest
NMB value. The CEAC shows in which WTP regions
there is less certainty that the strategies with the highest
NMB are cost-effective. For instance, in figure 2A the
third strategy on the frontier has a probability of cost-
effectiveness less than 20%. However, given that the
CEAC counts only the times that a strategy has the high-
est NMB in a PSA iteration, strategies that have only
minimally lower NMB are not identified.

The ELC shows the expected loss values on the y-axis,
which is the difference between the NMB of a strategy
and the maximum NMB reached in each iteration of the
PSA. The ELC depicts the expected loss values over all
PSA rounds. For instance, in Figure 2B, the second best
option has a difference in expected loss of at most e250
NMB.

The expected benefit plot depicts the expected NMB
of all strategies as a function of WTP, and the 2.5th and
97.5th percentiles of the NMB distribution (dashed
lines).

A shortcoming of the CEAC is that it collapses
when many strategies are compared. Only the better-
performing strategies can be graphically distinguished in
Figure 2A. Unlike the CEAC, the ELC does not collapse
and is robust to the number of strategies compared (see
Appendix 2). However, the expected benefit plot is not
usable because the lines corresponding to the different
strategies and their upper and lower bounds are highly
condensed and have become indistinguishable. This may
be caused by the extremely large differences between
NMB values corresponding to the minimum and maxi-
mum WTP, compared with relatively small differences
between strategies. This limits the option to zoom in on
small differences between strategies. Changing the axis in
the expected benefit plot to a logarithmic axis does not
increase the graphical discriminatory ability (result not
shown). The expected benefit plot contains information
similar to the ELC, but the ELC is better at graphically
distinguishing the curves because losses are less affected
by WTP. As a result, the differences between strategies
cannot be distinguished in Figure 2C.
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Methods with a Fixed WTP Threshold

Figure 3 depicts the 6 graphical methods that give insight
into the distributions of NMB or incremental NMB: the
net benefit density plot, stochastic dominance, incremen-
tal benefit density plot, incremental benefit curve, return-
risk space, and cumulative rankogram. The net benefit
density, stochastic dominance plots, and return-risk
space are based on NMB, whereas the incremental bene-
fit density plot and incremental benefit curve consider
incremental NMB, and the cumulative rankogram uses
ranked NMB. A fixed WTP threshold was used to calcu-
late all NMB values (50,000 e/QALY for Figure 3). This
threshold is arbitrary and does not affect the interpret-
ability or graphical discriminatory ability.

The methods in Figure 3 all show NMB or a variable
related to NMB on the x-axis and the probability linked
to that NMB variable on the y-axis. The net benefit den-
sity plot and incremental benefit density plot in Figure
3A and C are probability density plots; thus, the y-axis
shows the relative likelihood of having NMB corre-
sponding to the NMB values on the x-axis. The strategy
with the highest area under the curve within a specific
NMB range has the highest probability of having a
NMB within that range. A shortcoming of the probabil-
ity density plots is that it approximates the probability
distribution from a PSA sampling of the underlying dis-
tribution by normalizing a smoothened histogram. This
normalization requires choices such as the width of the
bars and the smoothening method (Appendix 1C,D),
which affect the shape of the curves and may introduce
potential bias, affecting both the interpretation and
interpretability when the curves lie close to each other.
However, plotting cumulative density functions does not
require similar choices, facilitating their interpretability.

Figures 3B and D are the cumulative probability ver-
sions of Figures 3A and C. Stochastic dominance plots,
incremental benefit curves, and cumulative rankograms
(Figure 3B,D,F) are cumulative density plots and show
the probabilities of achieving NMB versus INB values
greater or equal and smaller or equal than the value on
the x-axis, respectively. This facilitates interpretability,
making the plots easier to use. The strategy with the
highest area under the curve has the highest expected
NMB, in the case of the stochastic dominance plot, and
the incremental benefit curve. Alternatively, policy mak-
ers can choose for a tradeoff between the strategies with
the higher (incremental) NMB value and with lower
probability of (incremental) NMB greater or equal to
that specific value on the x-axis or strategies with the
higher probability to reach a specific (incremental) NMB
value.

Figure 2 Illustrative comparison of methods to communicate
the impact of uncertainty with a willingness-to-pay axis. (A)
The cost-effectiveness acceptability curve (CEAC) and its
frontier (dashed black line).11,12 (B) The expected loss curves
(ELCs) and their frontiers (dashed black line).17 (C) The
expected benefit plot with upper and lower limit of the 95%
prediction interval (dashed lines).16 All 3 methods use the
x-axis to depict a range of willingness-to-pay threshold values,
whereas the y-axis is used to show probabilities of cost-
effectiveness for the CEAC, expected loss values for the ELC,
and net monetary benefit for the expected benefit plot. The
frontiers show which strategies have the highest expected net
monetary benefit.
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Incremental NMB (used in Figure 3C,D) can be calcu-
lated for each PSA iteration, as the difference between
the NMB of a strategy minus the maximum NMB of that
iteration, unless the strategy has the highest NMB. In
that case, the incremental NMB is the maximum NMB

minus the second highest NMB. The vertical line in the
incremental benefit density plot, and the incremental
benefit curve is the point where the maximum and second
highest NMB values are the same, thus showing the point
where this rule changes. Therefore, incremental benefit

Figure 3 Illustrative comparison of methods that communicate the impact of uncertainty with a fixed willingness-to-pay
threshold. The methods are (A) net benefit density plot,18 (B) stochastic dominance plot,16 (C) incremental benefit density plot,18

(D) incremental benefit curve,19 (E) return-risk space,20 and (F) cumulative rankogram.21 To produce these plots, the willingness-
to-pay threshold was fixed at 50,000 e/quality-adjusted life-year for all figures. The probability density plots are normalized
smoothened histograms of the net monetary benefits, using 100 and 500 bins for A and C, and the smoothening parameter was
set at 0.5 (see Appendix 1C,D for the smoothening algorithm).
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highlights which strategies are cost-effective and how
much higher their benefit is than the other strategies illu-
strated by the distance from the black line on the x-axis.
For this reason, incremental benefit density plots and
incremental benefit curves score slightly better than the
net benefit density and stochastic dominance plots on
interpretability and graphical discriminatory ability.

The return-risk space assumes that NMB is distributed
normally, which is not always the case and is subject to
verification. The mean and standard deviation of NMB
of the strategies are plotted on the x-axis and y-axis,
respectively. In the return-risk space, the standard devia-
tion of NMB is interpreted as the uncertainty surround-
ing the NMB. However, compared with the net benefit
density plot, the latter contains much more information
on the distribution than the return-risk space and gives
an idea as to whether the NMB distribution is normal or
skewed.

The cumulative rankogram is similar to the stochastic
dominance plot but uses numerically ranked NMB
scores for each strategy per PSA iteration. Rank num-
bers are shown on the x-axis from high to low (instead of
NMB values). For the cumulative rankogram, 1 is the
best-performing rank; thus, the cumulative probability
corresponds to the probability that a strategy achieves a
rank value smaller or equal to the value on the x-axis.
The cumulative rankogram is extremely sensitive to the
correlation in the underlying data, which results in the
uninformative plot seen in Figure 4F. As the cumulative
rankogram replaces NMB values with ranks, it does not
provide the absolute NMB differences between strategies.
Therefore, it provides less information about the uncer-
tainty in the PSA than the stochastic dominance plot.

Adapted Methods: The Relaxed CEAC and the Heat Map

The CEAC plots the probability of cost-effectiveness
and its frontier (CEAF) shows which curves in the
CEAC have the highest expected benefit values. The
CEAC, however, does not provide information on the
loss incurred when a wrong decision is taken. In con-
trast, the ELC provides information on the expected loss
in NMB when a strategy is chosen that is not on its fron-
tier. In addition, the frontier of the ECL corresponds to
the expected value of perfect information.1,9 The ECL,
on the other hand, does not inform about the probability
of cost-effectiveness.

Both the CEAC and ELC provide valuable informa-
tion required for well-balanced decision making. Thus, to
inform policy makers, a graphical representation of the
impact of uncertainty should preferably address these dif-
ferent perspectives. Therefore, we propose merging the

information provided by both methods into a single heat
map by integrating the CEAC and the ELC into 1 figure,
using a color scale to inform on the value that otherwise
would be shown on the y-axes of 1 of the 2 figures.

Figure 4A,B show the tradeoff between the probabil-
ity of cost-effectiveness (on the y-axis in Figure 4A and
the color scale in Figure 4B) and expected loss (on the
color scale in Figure 4A and the y-axis in Figure 4B) that
is traded when a strategy is chosen that is not on the
frontier. For instance, in Figure 4A, some strategies with
a higher probability of cost-effectiveness can be chosen in
the WTP regions where the frontier is lowered. From the
figure, it can be estimated that the differences in expected
loss are quite small in those regions, and depending on
the interpretation of the policy maker, this may be an
acceptable risk.

Figures 4A and 4B combine the same CEAC and ELC
but differ in which method is used for the color scale.
One advantage of Figure 4B is that the ELC does not col-
lapse when many strategies are compared. A shortcoming
of the heat map is that colors can no longer be used to
show which curves correspond with which strategies.
This can be solved by labeling the curves in the plots or
labeling which strategy is on the frontier in specific WTP
regions. These regions border at the incremental cost-
effectiveness ratios (ICERs) associated with the strategy
number right of the ICER (Appendix 4).

The heat map in Figure 4B shows that many of the
curves are blue, which is related to the collapse of the
CEAC. The small differences in the expected loss also
mean that the risk related to a wrong choice is relatively
low and comparable for all strategies, even though the
probability of cost-effectiveness may be low. The col-
lapse of the CEAC also affects the discriminatory ability
of the heat map in showing which strategies have a
higher probability of being cost-effective. This can be
resolved with the relaxation of the CEAC (Figure 4C),
which results in a broader usage of colors in the plot
(Figure 4D). Relaxation is a method that loosens the cri-
terion of what is cost-effective in the CEAC, such that
the strategies with almost equal NMB may be counted,
and thereby increasing the probabilities. Multiple meth-
ods for relaxing the CEAC, namely, ranks, fixed thresh-
olds, and relative differences, are compared in Appendix
3. Relative relaxation performed the best in our compari-
son and is shown in Figure 4C.

Discussion

In this study, we identified 9 graphical methods that rep-
resent the impact of uncertainty on cost-effectiveness
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outcomes in analyses comparing multiple strategies. We
evaluated these methods using the PSA data sets from 3
case studies. Three of the identified methods (i.e.,
CEAC,11,12 ELC,17 and the incremental benefit curve19)
were assessed as best at communicating uncertainty
because they scored highest on interpretability and gra-
phical discriminatory ability. Although both the infor-
mation about the average loss associated with a decision
and the probability of cost-effectiveness of the chosen
decision option is relevant for decision makers, none of
the identified methods simultaneously provided this
information. Consequently, we proposed integrating the
information presented in an ELC and CEAC in the form
of a single heat map.

Furthermore, we provide 2 open-source tools in R to
apply the proposed methods and the identified methods
and in Microsoft Excel for the 5 methods that scored
highest in our assessment.

Based on our literature search, we found only 1 previ-
ous review comparing methods that visualize decision
uncertainty. The study by Naveršnik18 compared 7 meth-
ods by applying them to a PSA data set. Naveršnik com-
pared the sensitivity of methods to output correlations
and concluded that methods presenting uncertainty
should be sensitive to the underlying output correlations
to correctly capture decision uncertainty. We expanded
the work of Naveršnik by including 4 new methods in
our comparison. The cost-effectiveness plane was not

Figure 4 Adaptations of the cost-effectiveness acceptability curve (CEAC) and expected loss curve (ELC): the heat map and
relaxed CEAC. The heat map in (A) shows the CEAC with expected loss values on the color scale (red representing high loss and
blue low loss), and the heat map in (B) shows the ELC with the probability of being cost-effective on the color scale (red
representing high probabilities and blue low probabilities). In (C), the graphical discriminatory ability of the CEAC is improved
by relaxation of the CEAC. In the heat map in (D), graphical discriminatory ability of the color scale is improved by using the
probability of being cost-effective of the relaxed CEAC on the ELC. The short vertical lines on the x-axis correspond to the
incremental cost-effectiveness ratios of the strategies on the cost-effectiveness acceptability frontier, and the numbers denote
which strategies are cost-effective in each interval of willingness-to-pay values. Strategies with a net monetary benefit (NMB)
�99.95% of the maximum NMB value were considered cost-effective in the relaxed CEAC used for Figure 4C,D.
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included in this study because it does not capture deci-
sion uncertainty, and the ELC is an augmentation of the
expected value of perfect information (EVPI) because it
shows both the EVPI and the difference in loss relative
to the EVPI. In addition, we applied these methods to 3
different PSA data sets to investigate graphical discrimi-
natory ability and interpretability of the methods.

A limitation of our review study is that other relevant
methods may have been missed, although we included all
methods from guidelines on CEA. Two methods were
initially identified in the literature search but were not
applicable to a PSA data set and were excluded from the
methods comparison. These were Stochastic league
tables by Hutubessy et al.23 and the Bayesian variant to
the CEAC by Moreno et al.24 Stochastic league tables
address a different question, namely, how to optimize a
portfolio with a fixed budget for a range of different
strategies with uncertain costs and effectiveness values.
Therefore, this requires information on the uncertainty
of costs and effectiveness of multiple treatments for dif-
ferent medical conditions. The Bayesian variant on the
CEAC can be used to calculate the predictive posterior
distribution of the net benefits using a regular PSA data
set as its prior. This predictive posterior distribution is
subsequently used to make a CEAC. Therefore, the last
method does not visualize uncertainty but rather gener-
ates an alternative PSA-like data set to be analyzed.

The methods identified in our literature search were
applied to 3 PSA data sets. Three features of these meth-
ods that are important to adequately convey risk infor-
mation are interpretability, graphical discriminatory
ability, and the usage of a fixed WTP threshold. In our
case studies, a threshold of 50,000 e/QALY was used for
the methods requiring a fixed WTP. The chosen thresh-
old is not expected to affect graphical discriminatory
ability or interpretability. However, the limitation to rep-
resent the impact of uncertainty for a fixed WTP is a
shortcoming for informing policy makers internationally.
Different WTP threshold values are used between coun-
tries and even within countries,25 and the WTP choice
affects which strategy is cost-effective and the risk and
losses related to choosing a suboptimal strategy.

Interpretability is a subjective feature of a method and
therefore difficult to quantify. Nevertheless, to increase
objectiveness, the authors have scored 3 specific ques-
tions on features that relate to the understanding of the
method and have averaged the scores of the authors and
questions.

With regard to graphical discriminatory ability, a seri-
ous limitation of many methods is the collapse of curves,
meaning that curves overlap with an increasing number
of strategies compared. Several articles have discussed

the phenomenon of collapsing curves that causes prob-
lems with the graphical discriminatory ability of the
CEAC. Barton9 blamed the heavy penalization of all
nonoptimal strategies for the collapse of the CEAC,
while this interaction is called ‘‘confounding’’ by Ecker-
mann et al.26 Naversňik18 argued, on the other hand, that
a correlation between strategies causes the collapse. All
reviewed methods, with the exception of the return-risk
space and isoquants, present overlapping curves when
multiple strategies are compared. Methods that use dif-
ferences in losses between strategies, such as the expected
loss curve and the incremental benefit curve, may to a
large extent resolve the collapsing of curves. Therefore,
these methods are preferred when many strategies are
compared.

We have proposed a relaxation of the CEAC, which is
a direct solution to the penalization problem as described
by Barton and Eckermann.9,26 It is worth mentioning
that this solution showed less improvement in the PSA
data set from Rojnik et al. than in the other data set.15

This might be caused by a high correlation level in this
data set, as identified by Naveršnik,18 and may suggest
that a collapse of the CEAC may be caused by a mixture
of confounding and correlation when comparing many
strategies.

The interpretation of a relaxed CEAC is less straight-
forward than the traditional CEAC. Strategies that were
counted as cost-effective presented expected NMB out-
comes close to the optimum and were considered as
equally acceptable choice. The cost-effectiveness thresh-
old was set at 99.5% or 99.95% in our examples.
Although these threshold values are arbitrary, they rep-
resent conservative values because the NMB differences
between strategies were smaller than the accuracy in
measuring costs and effectiveness. There is currently no
solution to what a desirable threshold should be. The
threshold should be chosen carefully, and the reasoning
behind its choice should be motivated. This may be a
topic that future studies could further explore to help
reach a consensus on this topic in the future.

In the WTP regions where the CEAF is not the highest
curve on the CEAC, there is a discrepancy between the
highest probability of cost-effectiveness and the highest
expected benefit. In studies with many strategies such as
for surveillance scanning or screening, an easily executa-
ble schedule with a fixed interval may be preferred if the
losses are not too great. Alternatively, a high probability
of cost-effectiveness may be preferred, and differences in
expected losses of certain strategies can be considered as
acceptably small. However, the CEAC alone does not
provide a decision maker with the information about
expected losses necessary to assess this tradeoff.
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For this reason, many articles discussing methods to
visualize the impact of uncertainty through a PSA sug-
gest that the uncertainty visualized by the CEAC11

should be used in combination with another method to
provide information on the differences in the NMB val-
ues of strategies. Barton9 and Briggs et al.1 suggested
using the CEAC combined with the EVPI. Eckermann
and Willan26 suggested using the CEAC and the ELC
separately. Fenwick et al.12 suggested adding a frontier
to the CEAC (i.e., CEAF), and Naveršnik18 suggested
also using the net benefit density plot in addition to the
CEAC to give additional information on the distribution
of NMB.

We argue that, in situations where a WTP axis is pre-
ferred, the ELC should be used to supplement the CEAC.
The CEAF shows the strategies with the maximum
expected NMB depending on the WTP, also shown in
the ELC. In addition, the connected lowest curves of the
ELC are equal to the EVPI curve.26,27 Furthermore, the
lines of the ELC cross at respective ICERs (see Appendix
section 4 for proof). Therefore, the ELC is superior to
the EVPI and CEAF.

Our proposed heat map combines the information of
the CEAC and ELC in 1 figure, making it easier to see
which strategies perform well. In addition, when many
strategies are compared, the ELC is less sensitive to col-
lapse than the CEAC is. A shortcoming of the heat map
is that colors can no longer be used to show which curves
correspond to which strategies, but this can be easily
resolved with labels. Therefore, this method may improve
the CEAC/CEAF and can be used for decision problems
involving both few and multiple strategies.

In situations in which a fixed WTP is acceptable, the
return-risk space20 and the cumulative rankogram21 pro-
vide less information than the net benefit density plot18

and stochastic dominance16 as they use point estimates
and ranks instead of distributions. The incremental bene-
fit curve19 performs better on graphical discriminatory
ability and interpretability than do the net benefit density
plot,18 the incremental benefit density plot,19 and sto-
chastic dominance.16 Therefore, the incremental benefit
curve should be the preferred method when a fixed WTP
is acceptable.

Combinations of the above methods can be used to
assess confidence in the results of an analysis and the
impact of uncertainty. However, some types of uncer-
tainty, such as structural uncertainty, cannot be investi-
gated using a PSA.1 Therefore, to investigate the
strengths, weaknesses, and structural choices for a
model, using tools such as TRUST would be advisable.2

Authors should include these analyses in the discussion
of the uncertainty of the model.

Predictions made in cost-effectiveness analyses are sur-
rounded by uncertainty, and risks attached to making a
wrong choice should be considered in health policy
and medical decision making. This article presents an
overview of existing methods for representing uncertainty
in multiple-strategy CEAs, with both their strengths
and shortcomings. We found that the incremental
benefit curve is the most informative method when a
fixed WTP is used. Further, we introduced a heat map
that integrates the CEAC and the ELC to combine
most information and facilitate well-informed decision
making.
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