
Policy Perspective
How can clinical researchers quantify

the value of their proposed
comparative research?
Clinical researchers design research studies to answer
specific and clinically meaningful scientific questions to
improve patient lives. Resulting positive studies, or those that
confirmapriori hypotheses, providevalueby informing theuse
of effective and beneficial health care interventions. Negative
studies also provide value but by avoiding interventions with
unproven effectiveness or for which harms outweigh benefits.
Given the limitations in grant funding for research, there is an
unmetneed to robustly andsimplyquantify the importanceand
value of competing clinical research studies.

A research funder faces the challenge of selecting to fund a
small set of studies from a larger pool of proposals, even after
proposals achieve the benchmarks of scientific rigor and
integrity. Committing to fund one study means that funders
cannot use the same funds to fund another equally meritorious
proposal.Therefore,quantifying thevalueofaproposedclinical
study can be of great importance to the funder of the study.

Indeed, the demand for evidence of a favorable return on
investment (ROI) in clinical research is becoming the norm
due to the growing political pressure to defend public
spending in research.1 For example, the Affordable Care Act
specifically directs the Patient-Centered Outcomes Research
Institute (PCORI) to:

“… establish and update a research project agenda …
taking into consideration the types of research that might
address each priority and the relative value (determined
based on the cost of conducting research compared to
the potential usefulness of the information produced by
research) associated with the different types of research,
and such other factors as the Institute determines
appropriate.” (PPACA Sec6301/1181SSA, Page 66)

A framework for quantifying the value of a proposed
research study can begin with the consideration of 3
factors or mechanisms that are essential in improving
individual and population health:

1. Evidence estimation: The proposed research will gener-
ate evidence to estimate a population-level parameter
more precisely than it is currently known.

2. Impact on clinical practice: New evidence will
influence clinical practice.

3. Impact on health: Changes in clinical practicewill lead to
improved health outcomes for the target population.

In this article, we provide a conceptual foundation for
clinical researchers about how to quantify these 3 factors
in order to quantify the value of a comparative research
proposal.
Evidence estimation
Although the goal of a clinical study is to find a

population-level answer to a scientific question (which
can be about a treatment effect, disease risk, or other
important information), a study can only provide an
answer from the sample chosen for the study. Conse-
quently, inference about the population-level answer is
laced with uncertainty because of the potential sampling
variability of the study. That is, an identical study
conducted in an identical setting with a different sample
from the same target population could generate a
different sample value. In statistical jargon, the research
question can be thought of as a statistical parameter,
whose population answer or value is only known with
some reservation but based on prior research.

For example, a few small studies may indicate that
empagliflozin, an inhibitor of sodium-glucose cotranspor-
ter 2, when used in addition to standard care may reduce
cardiovascular morbidity and mortality (ie, the hazard
ratio for empagliflozin is less than 1) in patients with type
2 diabetes at high cardiovascular risk. Only a large trial
was able to confirm this assertion by estimating the
hazard ratio with sufficient precision.2 Thus, additional
research on answering the question can improve the
current estimates available for the population answer
and is akin to obtaining a more precise estimate of the
parameter. Researchers assume that a well-designed
study will lead to a more precise estimate of that
parameter. This is a reasonable assumption and is true
whether the study is “positive” or “negative.”

Impact on clinical practice
An ultimate goal of clinical studies is that patients and

their physicians behave differently after knowing the
more precise answer to the particular question (eg, write
a different prescription, be more adherent to treatment,
or establish a new protocol for clinical care). Empirical
studies of health care technology diffusion convincingly
show that this is not true—adoption of research results in
clinical practice is variable and depends on a complex set
of factors, including the availability of other treatments,
reimbursement policies, and budgetary and delivery
challenges.3 However, precise evidence often establishes
the necessary conditions to call for changes in clinical
treatments.

Impact on health
Appropriate changes in treatments in response to

more precise information are assumed to ultimately lead
to improved quality of life and/or longer life for patients.
Although this is most often the case, long-term impacts
from treatments, rarely quantified within a clinical trial,
often require linking surrogate measures to comprehen-
sive outcomes and simulation approaches.
Value of information analysis
How can these factors be explicitly evaluated and how

can their ultimate impact on the “expected”/anticipated
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value of clinical research studies be quantified? Value of
information (VOI) analysis, which helps in assisting with
the prioritization of health care research, may offer a way
forward. VOI applies methods from economic theory and
decision analysis to estimate the clinical and economic
returns to society from performing a clinical study. VOI
analyses can form quantitative estimates of the potential
impact of a research study and ultimately inform the ROI
of research by comparing the impact of the research to
the costs of conducting the study.

VOI analyses have been widely applied to assess the
value of research across a variety of diseases. A recent
systematic review identified 86 peer-reviewed and
published VOI applications, of which 13 suggested no
further research would be necessary, 66 recommended
further research, and 7 gave no recommendations.4

To understand VOI, one must distinguish between
quantifying the impact of a research study already
conducted with its results known (ie, a retroactive

assessment) from the potential impact of a research
study that is proposed (ie, assessment of anticipated

impacts). Retroactive assessment often takes the results
of a study and puts them in a simulation model to forecast
the impact of the results on the target population. For
example, a study published in 2014 in the Annals of

Internal Medicine estimated that the net realized
economic return of the Woman's Health Initiative
(WHI) estrogen plus progestin trial was $137 billion, a
1000:1 ROI made by the National Heart, Lung, and Blood
Institute.5 Estimating this ROI was possible because the
results of the WHI study were already known. However,
what if we were to ask what would the returns from the
WHI study be before it was conducted? We must account
for all potential results that could come out of the WHI
study, carry out similar analyses to the Annals paper for
each potential result, and then average any impacts over
those results. This ex ante approach is essentially a VOI
analysis. The formality of the VOI approach lies in
quantifying the uncertainty in the potential study results
using the mathematical tool for uncertainty—a probabil-
ity distribution.

A VOI analysis can also be envisioned as a comparison
between conducting a research study versus not con-
ducting the research study (Figure 1). Conducting
research would mean that the results of the research
study would impact population health and may influence
clinical practice and patient health. Not conducting
research would mean that status quo in clinical practice
persists. This is illustrated in a stylized Figure 1 that
considers the value of conducting a research study to find
out whether a treatment is superior to the standard of
care. Note that the decision tree illustrated in Figure 1 is
intentionally asymmetric in design. This is because, in
one instance, decision makers are making final treatment
choices/adoption decisions without knowing the truth
about the effectiveness of treatment, whereas in the
other, decision makers make these decisions only after
knowing the truth from research. The key insight here is
that, without the study, a decision about whether to offer
the treatment to patients would be made under the
uncertainty of the prevailing evidence. So, there is a
chance that this decision could be wrong and hence
reduce the expected outcomes. With the research study
(assuming it is a perfect study that resolves all uncertain-
ty, as described below), this decision uncertainty is
removed. Treatment is offered only when it is known
with certainty that it is superior to standard of care. The
difference between the expected outcomes under these
2 scenarios produces the expected value of this research
study.

Let us illustrate these methods with a stylized example
of secondary prevention of cardiovascular events. We
will discuss later the Web-based tools available to clinical
researchers to estimate VOI for their studies.
A value of information example
Take the example of a research study on the effects of

low- versus high-dose aspirin doses on secondary
prevention of cardiovascular outcomes for patients
after a heart attack. This comparison was the basis for a
large PCORI-funded clinical trial called ADAPTABLE.6

For this illustration, we will keep the details from that
trial at a minimum, including the specific doses, and
highlight the VOI calculation phases.

The clinical researcher proposing this study believes
that there is value in finding which dosage provides
the best balance of efficacy and complication rates.
Prior evidence pointed toward high aspirin dose being
slightly more effective than low-dose treatment
in reducing ischemic events in the setting of secondary
prevention. However, there was considerable uncertain-
ty around these effect sizes to determine the
optimal dosage of aspirin especially when the risks of
gastrointestinal bleeding are considered.7-9 In clinical
practice, 80% of eligible patients received the low-dose
aspirin.10

The researcher wants to resolve this uncertainty and
establish superiority, noninferiority, or equivalence
between the 2 doses. Regardless of what the purpose of
the design of the trial is, the impact of a trial would be
driven by (a) how clinical practice would respond/
change after the conduct of the trial and (b) how this
change, or lack thereof, in clinical practice would
influence long-term outcomes such as quality of life and
survival of patients.

To estimate the VOI of a trial, one can construct a
decision model that accounts for the population studied
and the clinical outcomes of the trial (Figure 1). If the trial
uses surrogate end points, then the model must also
account for the epidemiological links between those end
points and comprehensive end points such as life



Figure 1

A stylized figure to illustrate that VOI for a research study is a comparative analysis of doing versus not doing a research study.
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expectancy. For the aspirin dosing trial, the likely end
point is major adverse cardiac events, and we could
create a model for high-risk patients that have a history of
myocardial infarction or documented atherosclerotic
cardiovascular disease. Each parameter (such as the risk
of major adverse cardiac events) is assigned a probability
distribution in the model to reflect the corresponding
risk and uncertainties. Some of the parameters would
be specific to the alternate aspirin dosage. When these
parameter values are propagated through the model,
they produce the probability distribution of outcomes,
such as life expectancy under each of the dosage
arm. Such a full analysis of this problem along with a
complete VOI analysis can be found in Basu and Meltzer
(2018).11
The concept of expected value of “perfect”
information: an ideal clinical trial of infinite
size

In this section, we illustrate the VOI calculation using a
stylized value and distribution of life expectancy
outcomes under each arm of the aspirin trial. We start
by considering “possibilities” that reflect the true
outcomes plausible under each treatment choice. Only
one of these outcomes will be realized when treatment is
received. In reality, many different levels of outcomes
could be plausible, and this uncertainty is often reflected
using a continuous probability distribution. However,
in our stylized example, let there be 3 possibilities
for outcomes from this trial as shown in Table I. The
probability with which each possible outcome can occur
is also shown in Table I. A dose is considered superior/
optimal if it generates higher life expectancy than its
alternative.

The first thing to notice about the outcomes in Table I
is that there is no uncertainty associated with these
numbers, such as standard errors. The first step of
VOI analysis is calculating the expected value of

perfect information (EVPI), where perfect corresponds
with the notion that the research will be conducted
on an “infinite sample” that would provide the
true average life expectancies under each treatment
arm with absolute precision. The expected value of
a research study with an infinite sample forms
the upper bound of the VOI calculations. Although
achieving this value is not possible with any realistic
research trials, this point estimate is important as
discussed later.

To understand how EVPI is calculated, we compare
the average outcomes if status quo persists, that is, 80%
of the target population gets low-dose aspirin and 20%
gets a high dose, versus the average outcome if our
choice of aspirin dose for 100% of the population
aligns with the one that will produce the best outcomes.
Note that, in the status quo, 80% of physicians are
choosing low dose even if high dose has a higher prior
probability of being superior. This may be driven by the
risk aversion of the physicians, as they need to see
stronger evidence on the superiority of low dose to
change practice.

There are a few things to notice in this stylized
example in Table I, which will help in the calculation



Table I. Potential results on the effect of aspirin dose on life
expectancy after research is conducted with an infinite population
sample

Possibility
#⁎

Probability
of these
outcomes

Average life
expectancy

with low-dose
aspirin

Average life
expectancy

with high-dose
aspirin

Optimal
choice of

dose for each
possibility

1 25% 14.9 y 14.5 y Low dose
2 50% 14.7 y 15.0 y High dose
3 25% 14.6 y 14.9 y High dose

⁎ Possibilities reflect the true outcomes that are plausible under alternative treatment choices.
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of the average outcomes under each alternative
scenario:
1. There is a 25% chance that using low-dose aspirin
will produce better outcomes than using high-
dose aspirin (this corresponds to possibility #1).
The chance of high-dose aspirin producing better
outcomes is 75% (possibilities #2 and #3). Never-
theless, there is genuine uncertainty among the
clinical community that there is clinical equipoise
between the 2 doses, which warrants a future
study.12

2. When low-dose aspirin produces better results, the
expected outcome from low dose is 14.9 years.

3. Similarly, when low-dose aspirin produces better
results, the expected outcome from high dose is
14.5 years.

4. When high-dose aspirin produces better results
(ie 75% of times), the expected outcome from low-
dose is 14.7*(0.50/.75) + 14.6*(.25/.75) = 14.67
years.

5. Similarly, when high-dose aspirin produces better
results, the expected outcome from high-dose is 15.0*
(0.50/.75) + 14.9*(.25/.75) = 14.97 years.

Therefore, calculation of average population out-
comes would depend on the probabilities and the final
payoffs of 4 states: high dose better and high dose given;
low dose better and high dose given; high dose better and
low dose given; and low dose better and low dose given.
These states are illustrated in Figure 2.

Let us consider the status quo, where decisions about
treatment are made without any new research. Here, the
probabilities of the 4 states, in line with the 4 branches
shown in Figure 2, are:

• Low dose given and low dose is superior: 80%*25% =
20%

• Low dose given and Low dose is inferior: 80%*75% =
60%

• High dose given and low dose is superior: 20%*25% =
5%

• Highdosegivenand lowdose is inferior: 20%75%=15%
The life expectancy for each branch is shown in
Figure 2 and comes from Table I or the above calculations.
The average outcomes under status quo would be:

0:20�14:9þ 0:60�14:67þ 0:05�14:5þ :15�14:97
¼ 14:75 years

Consider that, with a perfect research study, we can
assess which dose will produce the better outcome. If the
first possibility is true, then 100% of the patients should
receive the low-dose aspirin, generating an average life
expectancy per person in the population of 14.9 years. If
either possibility 2 or 3 is true, then 100% of the patients
should receive the high-dose aspirin, generating average
life expectancy per person in the population of 14.97
years. Again, because we know the probability for each of
these possibilities, we can say that, with perfect research,
the expected life expectancy per person would be
0.25*14.9 + 0.75*14.97 = 14.95 years (Figure 2).

The EVPI, 14.95 − 14.75 = 0.20 life years per patient,
reflects the difference in expected life expectancy
between the status quo and treatment use after
the perfect trial is conducted. The difference arises
due to the change in the use rate of low- or high-dose
aspirin (Figure 2).

The underlying assumption here is that, with precise
information, adoption of the right dose will be immediate
and perfect. Although this is never achieved in practice,
this assumption produces an upper bound or the
maximum benefit of the value of research.

To obtain the population value of this “perfect”
research, one can multiply this per patient estimate
with the size of incident target population per year (N)
over the number of years (T) this comparative question
would be relevant.

Population EVPI ¼ per patient EVPI� N � T

For example, the population EVPI for the stylized
aspirin study would be about 210 billion (Figure 3).

Although such a monetized value estimate seems
astounding for such a simple question, one must
remember 3 features of EVPI when interpreting its
results:

1. The EVPI is an upper bound of the expected value
of research. That is, it reflects the value of perfect
research data where all uncertainties about out-
comes are eliminated. Such perfect research
studies are impossible to fund, design, and
perform. However, EVPI estimates are important
because if this value of a perfect study is close to or
lower than the costs of conducting the perfect
study, then there is no reason to perform the study.
In essence, EVPI provides a necessary but not

sufficient condition to proceed with the planning
of a research study.



Figure 2

Stylized VOI calculation for low- versus high-dose aspirin study.

Figure 3
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2. Although we have measured outcomes in terms of
life expectancy in the example above, other
outcomes can be used instead. Researchers have
used quality-adjusted life years (QALYs) and net
health benefits (QALYs − health care costs) to
calculate EVPI. The calculated value for EVPI
would depend on which objective function of
population health the researcher or funder con-
siders most important.

3. Economists often discount the value generated
in future years compared to those generated
in a current year. Therefore, calculation of
population EVPI should reflect the net
present value of the stream of population
impact generated by the research study over
time.

4. Lastly, a large value such as $210B does not
mean that the study provides a better ROI
than other possible studies—although such value
will likely exceed research investment costs in
a single study, the return from the possible
portfolio of studies must be considered. Also,
before considering comparative returns, we
need to be more specific in our approach and
calculate returns from actual rather than idealized
studies.
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The concept of expected value of
“sample” information: actual clinical trials

When the clinical importance and the EVPI are
sufficient to warrant conducting a research study, the
next question is whether the expected value of a real,
less-than-perfect study is sufficient to justify an invest-
ment of research funds. A less-than-perfect but achievable
study does not imply a flawed research design but rather
the practical limitations of clinical research that strives to
find the answer to the research question with precision
and at a reasonable cost. Unlike the perfect research of
Table I, the estimate for the impact of treatment after the
realistic research study continues to be uncertain,
although the overall uncertainty should decrease after
the trial to make the research worthwhile. Table A1
presents a more realistic version of the potential results
after a research study has been completed.

The primary question is, “Can the research study
reduce the uncertainty to the extent that it influences
clinical practice and clinical outcomes?” Naturally, a
proposed study with a smaller sample size will have
limited reduction in uncertainty and lower chances of
altering clinical practice compared to a study with larger
sample size. However, increases in sample size may
improve uncertainty but may have diminishing effect
on altering clinical practice. Following the 3 principles
of the VOI framework, we calculate the expected
value of the real research study by quantifying (1)
reductions in uncertainty, (2) the corresponding
changes in treatment decisions, and (3) their potential
impact on patient health constitute the calculations
of the expected value of a research study with realistic
or finite sample size. The incremental expected
value compared to status-quo is known as the expected

value of sample information (EVSI). EVSI is the
appropriate metric to use when comparing 2 indepen-
dent studies that are vying for that same pot of research
money.

A more detailed description of the intuition behind the
calculation of EVSI as applied to the stylized example
discussed above can be found in the accompanying
Appendix A.

Sample size determination
A very important use of EVSI calculation is to ascertain

the optimal sample size for a research study. Tradition-
ally, the sample size for a study is determined using
power calculations to balance type 1 (false-positive)
and type 2 (false-negative) errors. Alternatively, EVSI
estimates can be obtained to ascertain the value of
information for different sample sizes for the proposed
study. Typically, EVSI would increase with sample size
and asymptote to EVPI. EVSI takes a decision-theoretic
approach and explicitly assigns a loss function or
impact estimate for the type 1 and type 2 errors. Thus,
the decision about the optimal tradeoff between the
2 errors is driven by the losses that these errors impose
on the population. An advantage of the EVSI approach
is that it can directly inform whether the additional
increase in sample size and lower risk of type 2 error,
which comes with an incremental cost, is worth the
investment. For example, comparing this profile of EVSI
as a function of sample size with the increasing costs of
sampling as sample size increases can provide a benefit-
cost calculus to determine optimal sample size for a
proposed research study. Therefore, the EVSI approach
to optimal sample size determination can complement
traditional approaches to support the research design
proposed.

Adoption of evidence—the second effect
in the VOI framework

A key factor determining the population impact of
new evidence is how that evidence is to be implemented
in practice. This is the second effect in our VOI
framework that links the generation of new evidence
through research studies and the realization of population
health impacts. We had kept it implicit in the calculations
shown above. There are 2 parts to this implementation
process. First is choosing a decision criterion that
indicates what should be implemented in practice. This
is a belief that the funder (or another decision maker) has
about the level of evidence standard needed to adopt the
results of a trial. For example, he or she may believe that a
typical physician would adopt treatment over control if
the expected value of life expectancy from treatment is
higher than control, irrespective of the uncertainty
associated with that expectation. Alternatively, he or
she may believe that the physician would adopt a new
treatment only if the physician is at least 95% confident
that the expected value of life expectancy from treatment
is higher than control. Different decision criterion may
be used under different scenarios. An analyst can
specify alternative decision criteria to calculate alterna-
tive VOI estimates for the same research study. More
discussion of the use of alternative decision criterion
can be found in Bennette et al (2016)13 and Basu and
Meltzer (2018).11

The second part of implementation is, given a decision
criterion, there may be many other factors driving the
actual adoption or implementation of trial results into
clinical practice. There is substantial literature document-
ing many factors that affect adoption of a new technology
or implementation of clinical guidelines in practice. In an
ideal setting, we would have predictive algorithms to
forecast implementation of evidence-based care in
practice conditional of results of a study and other
factors. Such predictions can be easily incorporated
within a VOI analysis where the strength of evidence
from a trial would also forebode the implementation of
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the trial results in practice. Typically, VOI calculation
assumes that adoption of trial results are immediate once
a chosen decision criterion is met. This assumption
produces an upper bound for both EVPI and EVSI metrics
and is often sufficient for conveying the absolute and
relative value of trials.
Challenges with VOI approach
Quantifying the value of uncertainty, although useful, is

challenging. An important stage in VOI is characterizing
the current uncertainty, but this process can be difficult
because of limited data. Mathematically, we often have to
rely on probability distributions to reflect uncertainty in
current evidence. The requirements for such distribution-
al assumptions are typical in modeling exercises. For
example, most traditional sample size calculations rely on
some estimates of uncertainty and Gaussian distributional
assumptions. Moreover, ignoring uncertainty because of
the difficulty of expressing it accurately inherently implies
that there is no uncertainty in current evidence, which
could be misleading. Often, robustness checks to
alternative distributional assumptions are carried out to
ensure that such assumptions are not driving idiosyncratic
results.

Because one of the primary goals of VOI is to help in
research prioritization, VOI estimates are useful if they
can be expressed in the same metrics across different
studies. In our stylized example, we have used life
expectancy as the primary metric to express VOI. It is
important when we are talking about value to express
these estimates in terms of comprehensive outcomes such
as life expectancy, QALYs, or net health benefits. It creates
a challenge for researcherswanting to study the effect of an
intervention on a surrogate outcome, such as exercise
capacity, to calculate a VOI estimate for their study in
comprehensive units. However, this becomes researchers'
responsibility to demonstrate why their study is more
valuable to fund over an alternative that attempts to
establish amore direct effect on comprehensive outcomes.
In many cases, however, epidemiological data can be used
to extrapolate effects on surrogate outcomes to effects on
comprehensive outcomes. But a good VOI analysis will
account for the uncertainty in this extrapolation in
calculating the value of that study.

Finally, challenges exist regarding the time and
expertise required to carry out these studies. Although
placing VOI in a uniformly standard template can be
difficult, we describe some latest developments of
software to mitigate some of these challenges in the
next section.
Software for EVPI and EVSI calculations
Computational algorithms of VOI estimates are well

documented in the literature (see ISPOR VOI Task Force
for a comprehensive review14). However, often one
relies on the fact that a probabilistic simulation model has
already been constructed to compare outcomes, which
can then be used to generate estimates of VOI under
different scenarios. For the trialist looking to obtain an
estimate of VOI, this may be a significant challenge, as
models are typically very specific and not easily
manipulated by those untrained in modeling. To address
this issue, we developed a Web-based platform that
allows inputs on effect sizes, population sizes, and other
relevant parameters available to a trialist to run a validated
cardiovascular model and produce estimates of EVPI and
EVSI in life years. This is known as the Value of

Information for Cardiovascular Trials and Other

Comparative Research (VICTOR) Platform. This plat-
form is in a beta-testing phase and freely available to the
public at https://sop.washington.edu/choice/research/
research-projects/victor/.

It is important to note that this software is only in the
specific content domain of cardiovascular outcomes in the
US population. Experience with its use can guide
the applicability and application of VOI in this domain in
the future.

The site also has several resources on VOI along with
detailed guides for determining if VICTOR applies to the
users trial and how to use VICTOR. The tool intends to
introduce and increase the use of these powerful
concepts in valuing research investments. These data
will also allow for manipulation of various parameters,
such as an overall effect or sample size, to optimally plan
clinical trials.
Conclusion
Given limits to research budgets worldwide, it is

increasingly clear that researchers need to better
quantify value for their proposed study. In most
proposals, researchers describe why their proposed
study could have a significant impact on clinical
practice and patient health, but typically in euphemistic,
qualitative terms. Using VOI analyses provides quantifi-
able estimates of the trial impact that can positively
inform the judgment of the funder in selecting the
proposal to fund.

VOI's uptake by institutions prioritizing and
commissioning research has been limited partly
because of the need to develop a decision model
and apply advanced statistical methodologies, and
the resulting time required to carry out VOI analysis.15

It is also possible that funders do not believe that
they have a problem with prioritization. However,
the recent interests by funders like the National Institutes
of Health and PCORI on VOI methods seem to
suggest that is not the case. However, with advances in
software and Web-based interactions like VICTOR, the
hope is that these challenges will largely be mitigated. A

https://sop.washington.edu/choice/research/research-projects/victor/
https://sop.washington.edu/choice/research/research-projects/victor/
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recent study evaluated the feasibility and outcomes
of incorporating VOI analysis into a stakeholder-
driven research prioritization process for cancer geno-
mics trials in a US-based setting. When presented
with VOI information, more than 50% of stakeholders
modified their rankings of trial fundability, nearly
70% stated that VOI data were useful, and all
supported inclusion of the VOI data in future prioritiza-
tion processes.16 Further work, funded by PCORI,
developed an efficient and customized process to
calculate the expected VOI of cancer clinical trials
that is feasible for use in decision making and was
found to be acceptable to investigators within the
Southwest Oncology Group, a large clinical trial collab-
orative that recommends funding to the National Cancer
Institute.17,18

In summary, research is of high value when it has
the potential to influence practice and outcomes
positively, and such assessments need to be included
in major grant proposals. VOI analysis can help make
these assessments. There are 2 reasons why presenting a
VOI estimate with a proposal is worthwhile. First, VOI
allows the research proposal to highlight the nuances of
the impact of their study on the population and the
individual patient level. This is especially true when the
researcher proposes a study with surrogate outcomes as
end points for their study and faces the ambiguity from
reviewers about the value of studying surrogate end
points. Second, it gives the funder a common language to
compare alternative proposals that look at different
populations, compare different interventions, and use
different end points. Development of online tools such as
the VICTOR platform will allow researchers to more
easily calculate VOI and allow the researcher to see the
value of their research and hone their approach to
optimize VOI. Similarly, we hope that funders would
welcome VOI submitted with each proposal and consider
these metrics as important inputs into their decision
making about selecting and funding the highest-value
proposals.
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Appendix A

Calculation of EVSI is more complicated than EVPI.
EVSI requires accounting for the sampling variability of
the realistic or finite sample size to estimate the final
distribution of results on which the expected values will
be based. Here, invoking the concept of Bayesian
updating in this framework is convenient. One starts
with the prior knowledge of the distribution of results,
and then the trial with a finite sample size produces a
data point, such as mortality. Combining this data
point with prior knowledge gives a posttrial or posterior
estimate of results. A posterior distribution of results
will then reflect the new possibilities as shown in
Table A1, and the expected value calculations follow
the same principle as in EVPI but with these new
possibilities. That is, EVSI is the difference between the
weighted average of optimal choice-specific life expec-
tancy for each new possibility of result from the posterior
distribution minus the expected life expectancy from
status quo.

In Table A1, we begin with the same 3 possibilities
for true results as in Table I. Instead, now research
cannot precisely reveal which one of these possibilities
will be actually realized when a treatment is used.
Research with a finite sample will only reveal sample
results with an associated sampling variability as this
sample is drawn from a population where 1 of the 3
possibilities is true. Therefore, Table A1 shows the
potential results from a finite sample trial under
each possibility. For each trial, we can calculate a
posterior mean following Gaussian conjugacy. A simple
calculation for low-dose outcomes under possibility 1 is
shown here:

• Prior mean for low dose = μLO = 14.725 years
• Prior variance for low dose = σ2

LO = 0.012
• Sample mean for low dose = yLO = 14.3
• Sample variance of mean for low dose = s

2
LO = 0.76

• Posterior mean for low dose = μLO + (yLO − μLO)
*σ2

LO/(s
2
LO + σ2

LO) = 14.72

Rest of the posterior means are shown in Table A1.
These posterior means are now used as new possibilities
to determine optimal choices. Under these trial results,
high dose turns out to be the optimal treatment under
each possibility. Therefore, the overall expected life
expectancy that could be realized after the conduct of the
finite sample research will be the true mean outcomes for
high dose, which is 0.25*14.5 + 0.50*15.0 + 0.25*14.9 =
14.85 years.

The EVSI can be quantified by the difference in the
expected life expectancy between this scenario and
status quo: 14.85 − 14.75 = 0.10 life years per
patient. This is obviously less than EVPI but likely
achievable with finite resources. Similar to population
EVPI, one can calculate a population EVSI using the same
calculations, which comes to 1.05 million years or about
$105 billion. This would indicate that an investment in
this research study is still worth doing even if the true
differences in life years are less. A more elaborate analysis
of EVSI for this question can be found in Basu and Meltzer
(2017).11



Table A1. Potential results on the effect of aspirin dose on life expectancy after research is conducted with a realistic or finite sample size

Possibility #
Probability of

such an outcome
Trial results

Mean (variance of mean)

Posterior average
life expectancy with
low-dose aspirin⁎

Posterior average
life expectancy with
high-dose aspirin

Optimal choice of
dose for each possibility

1 25% Low: 14.3 (0.76)
High: 14.4 (0.28)

14.72 14.79 High

2 50% Low: 14.1 (0.28)
High: 15.3 (.19)

14.70 14.93 High

3 25% Low: 14.6 (1.20)
High: 14.3 (0.28)

14.72 14.78 High

From Table I:

Prior mean for low dose = μLO = 14.725 years.

Prior variance for low dose = σ2
LO = 0.012.

Prior mean for high dose = μHI = 14.85 years.

Prior variance for high dose = σ2
HI = 0.0425.

Using Gaussian weighted average between posterior mean and sample mean.
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