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Abstract
This paper compares two methods for estimating drug development costs: the conventional cost per expected approval

and the probabilistic cost to achieve at least one approval with a given confidence level. The paper shows that, for

typical success rates and high confidence levels, the probabilistic approach requires 2–4 times more trials—implying

that standard average-cost figures can underestimate reliable investment by a similar factor. Extending the model to

multiple phases, the analysis demonstrates that while the gap between the two objectives narrows over time, stochastic

transitions often leave portfolios underfunded for subsequent phases. Thus, expected-value estimates carry a high risk

of failing to meet confidence-based portfolio goals, with direct implications for research funding and policy design.
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1 Introduction

The process of developing a therapeutic drug is usually long and expensive. This process
is risky since not all clinical trials result in a successful outcome. Conventional estimates
of drug development costs account for expenditures on unsuccessful clinical trials (i.e.,
“failures”).1 Typically, the cost of developing one new therapeutic entity is calculated as
the spending on the number of trials that, on average, yield exactly one approval. This
expected-value approach is used in foundational works such as DiMasi et al. (2003) and
Adams and Brantner (2006), as well as in many other studies.2

An alternative methodology estimates costs by determining the expenditures needed
to guarantee at least one success with a specified confidence level (e.g., 90% ). For
example, Veugelers and Zachmann (2020) calculate the number of trials required to obtain
at least one or at least three COVID-19 vaccines with 99% probability under optimistic
and pessimistic scenarios. Related work includes Gouglas et al. (2018), who employ a
stochastic optimization model to estimate the minimal costs of successfully advancing at
least one vaccine per disease through Phase 2a trials. Glickman et al. (2006) estimate
the probability of developing at least one antituberculosis drug from the project portfolio
existing at the time and simulate how this probability changes if the number of trials
doubles. More recently, Athey et al. (2020) derive the optimal number of COVID-19
vaccine trials and, as an intermediate step, illustrate how the probability of at least one
success depends on the number of candidates. Rey et al. (2022) likewise model the
probability of at least one success as a function of the number of candidates. In this
framework, the cost of developing at least one new entity with a target probability can
be obtained by multiplying the required number of candidates by the average cost of one
clinical trial.

Although both approaches — expenditures per expected success and expenditures per
success with a given confidence — appear in the literature, their results have not, to the
best of my knowledge, been systematically compared.3 Consequently, it is unclear how
cost estimates for developing a new entity differ depending on the methodological choice.
This paper aims to fill this gap.

Comparing these estimates clarifies the true economic commitment required for drug
development. Such analysis can inform regulators about the scale of investment needed
to achieve a successful outcome with a target confidence level. In turn, this knowledge
supports policy aligned with the United Nations Sustainable Development Goal 3 (Good
Health and Well-Being), specifically target 3.b, which calls for supporting research and
development of medicines for diseases affecting developing countries and ensuring access
to affordable treatments.4

1Although most studies in this literature account for unsuccessful trials, exceptions exist. For example,
Light et al. (2009) estimate the costs of developing two specific vaccines—RotaTeq (Merck) and Rotarix
(GlaxoSmithKline)—using public information and interviews with senior informants. Their approach
tallies the number of subjects in each clinical phase for these successful vaccines, but does not include
costs from trials for rotavirus vaccines that ultimately failed.

2Other works that estimate development costs based on the expenditures required for one success in
expectation include Hansen (1979), DiMasi et al. (1991, 2004, 2007), Adams and Brantner (2010), and
Vernon et al. (2010).

3Partial comparisons exist. For instance, Veugelers and Zachmann (2020) calculate the number of
trials needed to guarantee at least three COVID-19 vaccine approvals with 99% confidence and note that
this number yields four successes in expectation.

4 Sustainable Development Goal 3b: “Support the research and development of vaccines and medicines
for the communicable and non-communicable diseases that primarily affect developing countries, provide
access to affordable essential medicines and vaccines” (UN General Assembly, 2015). A clearer under-



To calculate the costs of developing at least one successful drug, I adopt a framework
similar to those of Fernandez et al. (2012), Snyder et al. (2023), and Veugelers and
Zachmann (2020), all of whom model success probabilities under the assumption that
clinical trials are statistically independent.5

My approach generalizes this framework by treating success rates as continuous pa-
rameters rather than fixed numbers, and by systematically comparing the probabilistic
guarantee approach with the expected-value approach across a range of success rates. I
derive analytic expressions for: (1) the number of trials needed to achieve one success
in expectation, and (2) the number of candidates required to ensure at least one suc-
cess with a target confidence level. The first expression depends solely on the success
rate; the second depends on both the success rate and the desired confidence level. I
then plot the ratio of these two quantities across a range of success rates and confidence
levels. This visualization directly illustrates how the number of trials required for a prob-
abilistic guarantee diverges from the number needed for an expected success. Because
development costs are proportional to the number of trials, the same figure also reveals
the corresponding discrepancies in estimated expenditures under the two methodological
approaches.

Beyond comparing the overall number of programs required to achieve one success in
expectation versus at least one approval with a target confidence, I analyze how the gap
between these two objectives evolves across successive development phases — particularly
as programs advance toward approval. I further examine cases where the actual number
of programs transitioning to the next phase diverges from the expected value due to the
inherent stochasticity of the development process. I then compare the expected value and
confidence level targets from the perspective of compounding portfolio risk throughout
the development process.

I also calculate the probability of achieving at least one success when the number of
trials is calibrated for one expected success (Ñ). For aggregate success rates (p) between
6.9% and 21.6%, this probability does not exceed 70%.6 To guarantee at least one success
with 90% confidence, the required number of trials (N̂) is approximately double Ñ .7 Con-
sequently, for typical success rates, expenditures required for a reliable (90% confidence)
outcome are significantly higher than those based on the expected-value approach. This
analysis clarifies the resource commitment for drug development and, therefore, helps
identify the size of financial incentives regulators should provide to achieve a successfully
developed therapeutic drug.

The remainder of the paper proceeds as follows. Section 2 derives the expressions for
the required number of trials under both the expected value and confidence-level frame-
works. Building on this foundation, Section 3 compares these expressions and analyzes
the evolution of the gap between the two objectives through the development process.
Section 4 concludes.

standing of development costs directly contributes to strategic planning for this target.
5For instance, Fernandez et al. (2012) compute “the probability of at least one success among 150

independent programs.” Snyder et al. (2023) likewise assume independence in their probability formula
for at least one success. Veugelers and Zachmann (2020) also calculate probabilities of at least one (or
three) successes under independence. While some studies incorporate correlated trials (e.g., Wu et al.
2012; Dai et al. 2025), the present analysis maintains the independence assumption.

6According to different estimates of the aggregated success rates of the clinical trials (either for all
indications or for the lead indications) they are in the range from 6.9% to 21.6% (see Wong et al. 2019;
Thomas 2016; Hay et al. 2014). It is worth noting, however, that disaggregated estimates of the success
rates of the clinical trials (e.g. probability of success for some particular therapeutic groups) can be well
outside this range (see Wong et al. 2019).

7Again, these calculations are provided for the success rates in the range from 6.9% to 21.6%.



2 Number of clinical trials

2.1 Number of clinical trials needed to get one success on average

Assume that the probability of getting a successful outcome out of each clinical trial is
constant and equal to p. That is, p is the probability that the entity successfully advances
from Phase 1 to approval. If N clinical trials are conducted, then on average (i.e., in
expectation) there are p · N successes as a result of these clinical trials. The expected
number of successes is equal to one, if

Ñ =
1

p
. (1)

2.2 Number of clinical trials needed to get one success with a given
confidence level

Assume there are N clinical trials. Let us find the probability that as a result of these
clinical trials there will be at least one successful outcome.

• Since p is the probability of success of each clinical trial, then (1− p)N reflects the
probability that none of the clinical trials has a successful outcome.

• Therefore [1 − (1 − p)N ] is the probability that at least one clinical trial has a suc-
cessful outcome.

Let N̂ denote the number of clinical trials that guarantee at least one success with a
given confidence level α. N̂ is found from the condition:8

1− (1−p)N̂ = α. (2)

Thus:

N̂ =
ln(1−α)

ln(1−p)
. (3)

2.2.1 Confidence level of getting at least one success if N = Ñ

Assume the number of clinical trials is equal to the one that guarantees exactly one
successful outcome on average (i.e.,in expectation). That is, Ñ = 1

p . Let us determine the

probability with which this number of clinical trials results in at least one success.
As discussed earlier, for any number of clinical trials N , the probability of at least one

success is equal to [1− (1−p)N ]. So, if N = Ñ = 1
p , the probability of at least one success

8While the actual number of clinical trials conducted is an integer, the theoretical quantities 1
p

and
ln(1−α)
ln(1−p) are continuous. To maintain analytical tractability and simplify the exposition, these exact

expressions rather than their integer-ceiling counterparts are used. This practice of working with contin-
uous values is well-established in methodological literature — for example, in economic analyses where
the number of firms is treated as continuous (Mukherjee 2005). A direct analogue in pharmaceuticals is
found in the standard cost-of-development literature. DiMasi et al. (2003), in their widely cited study,
estimate the cost per approved drug (C) by dividing the cost per investigational program (c) by the
probability of success (ρ): C = c

ρ
. Here, 1

ρ
represents the average number of programs required to yield

one approval. For instance, they calculate capitalized costs of US $ 100.4 million per investigational drug
and, with a success rate ρ = 0.215, derive a cost per approved drug of approximately US $ 467 million
(DiMasi et al. 2003, Section 5.4). Crucially, they treat the number of programs needed, 1

ρ
, as a continuous

variable rather than an integer, precisely mirroring the approach that is adopted in the current model.



is equal to [1 − (1 − p)
1
p ]. According to Wong et al. (2019), the probability of success of

each clinical trial p ranges from 6.9% to 21.6%. This implies that in order to get one
success on average the number of clinical trials should be in the range from 1

0.216 ≈ 4.63 to
1

0.069 ≈ 14.69. Given these values for the probability of success (p) the chances of getting

at least one success when the number of clinical trials is equal to Ñ = 1
p , are in the interval

from (1− (1−0.069)
1

0.069 ) ≈ 0.645 = 64.5% to (1− (1−0.216)
1

0.216 ) ≈ 0.676 = 67.6%.
Thus, to ensure that the probability of at least one success exceeds 70%, more than Ñ

clinical trials are required.

3 Comparison of the number of clinical trials under two
approaches

Let us now compare the number of clinical trials that are needed in order to get one
success on average (i.e. Ñ) with the number of clinical trials that ensures at least one

success with some target confidence level (N̂).

To compare Ñ and N̂ let us consider the ratio N̂
Ñ

. Based on the expressions for Ñ and

N̂ in the previous section the ratio of interest is:

N̂

Ñ
=

p · ln(1−α)

ln(1−p)
. (4)

It is worth noting that the ratio N̂
Ñ

is also informative about the comparison of the

spending on the clinical trials under the two approaches (i.e., when the number of clinical
trials ensures exactly one success in expectation or when it ensures at least one success
with some given confidence level). To see this point, assume that the cost of one clinical

trial from Phase 1 to approval is equal to I on average, then the spending on Ñ and N̂
clinical trials are equal to I · Ñ and I · N̂ , respectively. So, the ratio of the expenditures
on clinical trials under the two approaches is equal to the ratio of the number of clinical

trials (i.e. I·N̂
I·Ñ

= N̂
Ñ

).

Figure 1 plots this ratio N̂
Ñ

as a function of p for various levels of α.

Figure 1: Ratio of the numbers of clinical trials



From Figure 1 it can be seen that for p ∈ (0.069,0.216) and α = 0.89 (respectively,

α = 0.99) N̂ is about two times (respectively, four times) higher than Ñ . It means
that spending on the clinical trials that ensure at least one success with probability
0.89 (respectively, 0.99) is about two times (respectively, four times) higher than the
expenditures on the clinical trials that guarantee one success in expectation.

The analysis demonstrates that a conventional approach to measuring the costs of drug
development (i.e., clinical spending needed to get exactly one success in expectation)
reports a value that may turn out to be significantly lower than the expenditures needed
to guarantee at least one success with a target confidence level. For the success probability
range reported in the literature (6.9% to 21.6%) and for confidence levels of 90% or higher,
this implies that public support for drug development must be substantially larger if the
regulator’s goal is to achieve at least one success with a given confidence level, rather than
one success in expectation.

3.1 Dynamics of gap across clinical phases

This section analyzes the dynamics of the gap between the “expected value” and “confidence-
level” objectives, focusing on two key drivers: how the gap evolves across development
phases and how portfolio deviations affect it.

Evolution of the gap across phases

Assume each clinical phase is started with a portfolio size calculated for one expected
success (i.e. one approval). The question is: whether the discrepancy between the two
strategic goals (i.e. one “success” on average and at least one “success” with a target
confidence level) becomes more or less pronounced throughout the drug development
lifecycle?

As Figure 1 shows, the ratio N̂
Ñ

decreases as the probability of success, p, increases.
This implies that the gap between the number of trials needed for “at least one success
with a given confidence level” and “one success in expectation” narrows in later phases of
drug development.9 Consequently, the strategic error incurred by targeting the simpler
“expected value” goal, rather than the confidence-based goal, diminishes as programs
approach approval.

For illustration, consider typical phase transition probabilities from the literature (p12 =
0.64, p23 = 0.32, p3A = 0.49). As shown in the Appendix (Section A, Table I and Figure

A1), the ratio N̂/Ñ declines from approximately 2.1 at Phase 1 to 1.6 at Phase 3 for
α = 0.89, confirming that the gap narrows as programs advance.

Impact of portfolio deviations

Let us now examine how the gap between the two strategic goals—ensuring at least
one approval with confidence α versus achieving one approval in expectation—evolves
when the actual number of programs deviates from the expected-value target: Because

9In Figure 1 for most values of the success probability p, the ratio N̂

Ñ
exceeds 1. However, for certain

combinations of the confidence level α and p, the ratio falls below 1. In this latter scenario, while the
ratio continues to decrease with increasing p, this now corresponds to a divergence between N̂ and Ñ ,
not a convergence. Because the ratio is greater than 1 for most parameter values — and specifically for
the success probabilities reported in many studies at common confidence levels (e.g., 0.89 and above)—

the focus of the current paper is on the case where N̂

Ñ
> 1. This simplifies interpretation: a decrease in

the ratio signifies convergence of the estimates, while an increase signifies divergence.



transition phase-to-phase probabilities are less than 1, the number of programs entering
Phase j (Mj) is a random variable. Even if a firm starts Phase 1 with Ñ1 programs, it
may enter Phase 2 with fewer or more than Ñ2 programs by chance. So, the question of
interest is how the ratio Rj = N̂j/(Ñj + y) behaves not only for planned values (y = 0)
but also for random realizations y 6= 0.

Let Phase j have a success probability of ρ = pjA.10 The number of programs expected

to yield exactly one approval at this Phase is Ñj = 1/ρ, while the number needed to

guarantee at least one approval with probability α is N̂j = ln(1−α)
ln(1−ρ) . In practice, stochastic

outcomes cause the actual portfolio size at phase j to differ from Ñj . It is therefore
expressed as Ñj +y, where the integer offset y can be negative (deficit), zero (on target),
or positive (surplus).

The ratio

Rj =
N̂j

Ñj +y
(5)

measures how the confidence-based requirement compares to the actual portfolio. I an-
alyze how Rj changes as ρ increases (i.e., as programs advance toward approval). For
y = 0, Rj decreases with ρ (see Figure 1 and Appendix Section A), meaning the goals
converge. The general case y 6= 0 is examined via the derivative ∂Rj/∂ρ.

Substituting the expressions for N̂j and Ñj gives

Rj =
ln(1−α)

ln(1−ρ)
(

1
ρ +y

) . (6)

Differentiating and simplifying yields

∂Rj

∂ρ
=

ln(1−α)
[

ln(1−ρ)(1
ρ +y)

]2
ρ

(

1−ρy

1−ρ
+

1

ρ
ln(1−ρ)

)

. (7)

Since ln(1−α) < 0 for 0 < α < 1 and the denominator outside the parentheses is positive,
the sign of ∂Rj/∂ρ is determined by

S(y,ρ) ≡ −

(

1 +ρy

1−ρ
+

1

ρ
ln(1−ρ)

)

. (8)

Sign analysis:

1. For y ≥ 0 (actual portfolio meets or exceeds the expected-value target), ∂Rj/∂ρ < 0.
Justification: At y = 0, S(0,ρ) < 0 (see Figure 1). Because ∂S/∂y = −ρ/(1−ρ) < 0,
S(y,ρ) decreases with y and remains negative for all y ≥ 0. Hence, Rj falls as ρ
increases—the confidence-based requirement becomes easier to satisfy relative to
the actual portfolio.

2. For y ≤ −1 (actual portfolio falls at least one program short of the expected-value
target), ∂Rj/∂ρ > 0. Justification: At y = −1,

S(−1,ρ) = −
(

1 + 1
ρ ln(1−ρ)

)

> 0,

because 1
ρ ln(1 − ρ) < −1 for ρ ∈ (0,1) (see Figure 2). Since S(y,ρ) decreases in y,

it stays positive for all y ≤ −1. Thus, Rj rises with ρ—the shortfall relative to the
confidence target widens even as success probability improves.

10pjA denotes the probability that the program successfully passes from Phase j till approval.



These results reveal a critical asymmetry:

• When the portfolio is at or above the expected-value size (y ≥ 0), progression
through later stages (higher ρ) naturally aligns the two strategic objectives.

• When the portfolio is deficient (y ≤ −1), however, further progression amplifies the
misalignment: the required number of programs for confidence α grows relative to
the actual count, making the expected-value objective an increasingly poor proxy
for the confidence-based goal. A phase-specific illustration of this widening gap is
provided in Appendix C (Figure C1).

Figure 2: Ratio of the numbers of clinical trials for y = −1

Note: For y = −1, the ratio is R = ln(1−α)
(

1

ρ
−1

)

ln(1−ρ)
. In this figure, ρ ranges over [0,0.5]. The

case ρ > 0.5 is not relevant here because 1
ρ

− 1 < 1, implying fewer than one program would,
on average, enter the next phase. Since at least one program is required for development to
continue, the analysis is restricted to ρ ≤ 0.5.

Integer constraint robustness

The main analysis treats the number of trials as a continuous variable for analytical
tractability. Appendix Section B examines how imposing integer constraints affects the
results. While the constrained ratio N̂/Ñ becomes non-monotonic, its overall decreasing
trend—and therefore the qualitative conclusion that the gap narrows with higher success
probabilities—remains unchanged. Similarly, the increasing pattern of N̂/(Ñ −1) persists
under integer constraints, confirming that the continuous approximation does not drive
the core findings.

3.2 Practical implications for method selection

The results derived in Section 2 and the comparative analyses in Section 3 provide ob-
jective criteria for choosing between the expected-value and probabilistic guarantee ap-
proaches in real-world financing and planning. The probabilistic method requires approx-
imately two to four times more trials—and correspondingly higher expenditure—than the
expected-value method to achieve high confidence (Figure 1).



Two dynamic effects shape how the two targets relate across the development life cycle:

• Under portfolio shortfalls (y ≤ −1), the gap between the objectives widens as pro-
grams advance, making the expected-value target an increasingly poor proxy for
confidence-based planning (Section 3.1).

• Under normal progression, as success probabilities rise in later phases, the ratio N̂/Ñ
decreases (see Appendix Section A, Figure A1), meaning the required confidence
buffer shrinks and the expected-value estimate becomes a closer approximation to
the confidence-level requirement.

Even when Phase 1 portfolios are calibrated exactly to each target, the expected-value
approach carries a greater-than-50% risk of downstream deficit (see Appendix Section D,
Table II), whereas the probabilistic target is more robust to phase-to-phase attrition.

Consequently, the probabilistic approach seems to be better suited for risk-averse,
mission-critical contexts where a minimum probability of success must be ensured (e.g.
public funding for high-priority diseases or pandemic vaccine development). In contrast,
the expected-value approach remains useful for historical benchmarking, long-term port-
folio budgeting, and diversified R&D planning, where the focus is on average returns
across many projects over time rather than guaranteeing a specific outcome.

These considerations can inform staged funding strategies: the confidence-based buffer
is most crucial in early, high-risk stages, while expected-value estimates become more
adequate for late-phase budgeting as the inherent risk diminishes.

4 Conclusion

This paper has systematically compared two fundamental methodologies for estimating
the resource requirements of drug development: the conventional approach, which calcu-
lates the cost per expected approval, and the probabilistic approach, which determines
the cost to secure at least one approval with a target confidence level.

The analytical relationship between these two metrics (Ñ and N̂) is derived. It is

demonstrated that the ratio N̂/Ñ can be substantial, often ranging from 2 to 4 for typical
success probabilities and high confidence levels. This means that widely cited average cost
figures can underestimate the necessary investment for a reliable outcome by a factor of
two or more.

Furthermore, the analysis is extended to a multi-phase context, revealing two critical
dynamic insights. First, the gap between the two objectives narrows as programs ad-
vance, meaning the strategic error of using the average-cost target is most severe in the
risky early stages of development. Second, due to the inherent randomness of clinical
transitions, even a portfolio perfectly sized for one expected approval faces a significant
chance of entering the next phase with a deficit. Crucially, when such a deficit occurs,
the misalignment between the actual number of programs and a confidence-level target
widens with progression into later phases.

Several limitations should be acknowledged. The analysis assumes statistical indepen-
dence across clinical trials and simultaneous trial launch, whereas in practice outcomes
may be correlated and trials initiated at different times. Second, the analysis assumes
that all trials in the portfolio have the same probability of success. In reality, even within
the same therapeutic area, success rates vary across drug types (e.g., small molecules,
specialty drugs, GLP-1 agonists). The analysis also treats the probability of success
as exogenous, whereas it may be affected by investments in trial design and execution.



Readers should therefore interpret the results as illustrative under the assumption of ho-
mogeneous success probabilities. The relevant conclusion for a real portfolio depends on
the actual mix of drug types — a dimension not captured here. Future research could
extend this analysis by relaxing the assumptions of homogeneous success probabilities and
exogenous trial outcomes, as well as by incorporating correlated outcomes across trials.
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