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Abstract
Many statistical protocols are deployed inside in-
centive systems: firms decide whether to run and
submit trials, researchers decide which projects
to pursue, and regulators or conferences commit
to approval rules before observing outcomes. We
study a sequential principal-agent model of hy-
pothesis testing in which a principal commits to a
history-dependent testing threshold and an agent
chooses costly effort and submission. The princi-
pal observes only public testing outcomes, not the
latent quality that determines social value. Even
in this no-feedback environment, dynamic test-
ing rules can create continuation incentives that
encourage effort and selective submission. We
illustrate this effect in a two-period construction
and analyze timeout policies in an infinite-horizon
discounted setting, showing how future access to
testing can substitute for direct observation of the
agent’s private information.

1. Introduction
The humble hypothesis test is well-designed for detecting
effects through noise, using data generated from scientific
experiments, so that its results are influenced solely by the
laws of nature. Researchers posit a hypothesis, but reject it
whenever the evidence against it is strong, operationalized
by comparing a p-value to a fixed threshold. Upon this
intellectual framework, hypothesis tests have played a core
role in scientific epistemology and evidence accumulation
for over a century.

But hypothesis tests have also been deployed in settings
whose results are not determined solely by the laws of nature.
Instead, they are mediated by strategic behavior, by agents
who stand to gain from the results of the test. In this light,
how might we interpret the p-values of, for example, clinical
trials for drugs? It is true that their distribution depends on
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whether or not the drug works. But if the drugmaker did
not believe that the drug would be profitable, then it would
not have been submitted in the first place, which should
be taken into account. However, the drugmaker’s belief in
profitability is private, influenced by internal investigations
and effort.

Something similar is true for scientific publishing, for exam-
ple in laboratory sciences where p < 0.05 is often a bright
line for paper acceptance, and computer science conference
culture, where noisy scores generated by imperfect review-
ers must, essentially, exceed some threshold. In each case,
again the scientist has private information regarding the
quality of the project influenced by private effort. In these
settings, the behavior of the humble hypothesis test must
be understood with respect to the game between strategic
agents in which it is embedded.

An important feature of such games is no-feedback. In
hypothesis testing, when testing a null hypothesis H0 : θ <
0, the value θ is never ultimately observed. When embedded
in a game between the FDA and the drugmaker, θ might
represent some drug quality indicator that is not observed
during the strategic interaction. Nevertheless, when the
agent can affect the distribution of θ through costly effort,
dynamic testing protocols can create incentives for the agent
to choose higher-quality projects.

Our contribution is to model this interaction as a sequential
statistical protocol rather than a one-shot test. The principal
commits to a rule for updating future testing thresholds after
public approval and denial events. These future thresholds
act as continuation incentives: an agent may be willing to
incur effort and withhold low-quality submissions today in
order to preserve future access to favorable testing condi-
tions.

1.1. Prior work

This paper builds on a growing literature on statistical deci-
sion rules with strategic participants. Tetenov (2016) stud-
ies regulatory approval as an economic theory of statisti-
cal testing, showing how a simple threshold can screen
privately informed proponents in a one-shot clinical-trial
setting. Bates et al. (2024) formalize principal-agent hy-
pothesis testing, emphasizing that the statistical protocol
changes which agents choose to enter. Subsequent work
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sharpens this connection between testing and incentives:
Shi et al. (2024) derive false-discovery guarantees with risk-
sensitive agents, Shi et al. (2025) design menus that elicit
heterogeneous agent types, and Chen et al. (2025) charac-
terize optimal thresholds when strategic submission affects
observed evidence. Our model differs by making the testing
protocol sequential and by giving the agent a costly effort
decision that changes the distribution of project quality.

The work also relates to statistical decision theory for trials
and evidence thresholds. Manski & Tetenov (2021) and Pe-
den & Sprenger (2021) discuss limitations of conventional
significance testing as a decision rule, especially when the
relevant objective is welfare rather than error control alone.
Kasy & Spiess (2022) cast pre-analysis plans as commit-
ment devices in a mechanism-design problem with strate-
gic analysts. We share the view that statistical procedures
should be evaluated as incentive-constrained decision rules,
but focus on repeated hypothesis tests where the principal
can use future access to tests as an incentive instrument.

Finally, our dynamic formulation connects to sequential
testing, reputation, and Stackelberg games. Online multiple-
testing methods such as α-investing (Foster & Stine, 2008)
update future testing levels based on past discoveries, but
their objective is error control rather than strategic effort
provision. Dynamic moral-hazard and reputation models
study how future payoffs discipline hidden actions (Mailath
& Samuelson, 2001; Gerardi & Maestri, 2012; Saeedi &
Shourideh, 2023); here, the disciplining device is the con-
tinuation testing threshold. Computationally, the model is a
stochastic Stackelberg game, related to work on discounted
stochastic Stackelberg equilibria (Vorobeychik & Singh,
2012; Goktas et al., 2022; 2023), with the special structure
that the state is a statistical threshold and the transition is
induced by public test outcomes.

2. Online principal-agent hypothesis testing
Problem parameters are Cw, Cs, ω1, ω0, R > 0, a suc-
cess probability s ∈ [0, 1], two priors Q+ and Q− on
θ ∈ {0, 1} with Q+ ⪰ Q−, and two p-value densities
f1(p) = f(p | θ = 1) and f0(p) = f(p | θ = 0) = 1
on p ∈ [0, 1]. We assume smaller p-values are more likely
under the alternative, so F1(α) ≥ F0(α) for the relevant
thresholds.

Summary: A regulator (the principal) declares αt. Then
a drug company (the agent) either works or shirks, and
depending on the outcome, updates their confidence Qt in
θt ∈ {0, 1}. Subsequently, they decide whether or not to
pay a cost to submit their project to a trial, and observe a
p-value pt. A regulator then checks the threshold and issues
the decision δ ∈ {approves, denies}.

This generalizes principal-agent hypothesis testing in some

ways (Shi et al., 2024), as it adds the sequential and effort
components, but unlike that work assumes that the pair Q+,
Q− is common knowledge.

2.1. Utilities

Suppose the two players share a discount factor γ ∈ [0, 1].
The agent’s payoff aggregates rewards from approvals net
of the costs of effort and submission:

U =

T∑
t=1

γt
(
R 1{δt = approves}

− Cw 1{et = work} − Cs 1{at = opt in}
)
.

The agent therefore values approval itself, while effort and
submission are privately costly.

The principal’s objective is to approve high-quality projects
and avoid approving low-quality ones. The principal’s utility
is therefore given by

V =

T∑
t=1

γt
(
ω1 1{δt=approves, at=opt in, θt=1}

− ω0 1{δt=approves, at=opt in, θt=0}
)
.

Importantly, the principal’s payoff depends on the true state
θt, even though this state is never observed during the inter-
action.

The game is Stackelberg: the principal commits ex ante
to the approval protocol α, and the agent best responds
to this commitment. As a result, both the agent’s and the
principal’s expected utilities can be expressed as functions of
α alone. Although the true state θt may become observable
ex post, such information arrives too late to affect incentives
or decisions within the game and therefore plays no role in
the analysis.

3. A simple illustration in T = 2

In what follows, we assume a special case of the above.
Suppose Cs = 0, and let Prθ∼Q+(θ = 1) = 1 and
Prθ∼Q−(θ = 0) = 1, so that the agent knows what θ they
receive.

The FDA operates by taking α1 = · · · = αT , i.e. they set a
constant α. The principal can choose α1 = α∗ to optimize
their own utility, taking the form

α∗ = argmax
Cw/R≤s[F1(α)−F0(α)]

{
ω1sF1(α)−ω0(1−s)F0(α)

}
.

(1)
Call the resulting policy πconst. Note that the constraint set,
{α ∈ [0, 1] : Cw/R ≤ s[F1(α) − F0(α)]}, is precisely
the incentive compatibility constraint for the agent to exert
effort.
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Principal-agent multiple testing
The principal publishes a protocol α = α1(·), α2(·), . . . , which are functions of the common knowledge at time t,
generically denoted as Ht.
Then, the following stage game is played at times t = 1, . . . , T :

• The agent decides et ∈ {work, shirk}.

• If work, they pay cost Cw, and their effort succeeds with probability s. They privately observe whether or
not their effort succeeds.

– If their effort succeeds, then Qt = Q+.
– Otherwise, Qt = Q−.

• If shirk then Qt = Q−.

• The agent then decides whether at ∈ {opt in,opt out}.

• If opt in, they pay cost Cs, and:

– Nature draws θt ∼ Qt, which is not observed.
– The agent draws a statistic pt ∼ fθt , which is common knowledge.
– The principal decides δt = approves if pt ≤ αt(Ht), and else denies.
– If approves, then the agent receives reward R, and at the end of the game, the principal receives ω1 if
θt = 1 and −ω0 if θt = 0. (They do not observe these rewards, or θt, during the game.)

Figure 1. The sequential principal-agent hypothesis testing protocol.

The constant policy may be optimal—not too surprising,
given that there is a vast space of non-constant policies—but
we only need a simple policy to demonstrate this. Namely,
consider the following policy: for odd t, αt = α∗, and for
even t, αt = 0 if δt = denies, and otherwise αt = α∗.
Call this policy πalt.
Theorem 3.1. Suppose that the pair f1 and f0 = 1 sat-
isfy the monotone-likelihood ratio condition, as well as the
technical condition

lim
x→0+

F1(x)

xf1(x)
< 2.

Then for any such pair, there exist parameters
Cw, R, ω1, ω0 > 0 such that the principal’s expected utility
under πalt is strictly larger than under πconst when the
agent best responds. More precisely, let ρ := Cw/R, and
η = ω0/ω1. Then there exists a value η > 0 and a function
ρ̄(η) > 0 such that the strict improvement holds whenever
η ∈ [η,∞) and ρ ∈ [0, ρ̄(η)).

Proof. In this proof, let Cw = C. Now suppose the claim
is true for T = 1 and T = 2. Then it is true for any T = K,
because if K is even, then the T = K game consists of K/2
copies of the T = 2 game, and if K is odd, then it consists
of ⌊K/2⌋ copies of the T = 2 game and one copy of the
T = 1 game.

Additionally, the proof for T = 1 is trivial (the two policies
give the same result). Let us now prove it for T = 2.

Given α and problem parameters, let us say the agent does
action A1 if their best response in the first round can always
be e1 = work and a1 = opt in; they are action A2 if instead
e1 = work and

a1 =

{
opt in θ1 = 1

opt out θ1 = 0
.

and they take action B if e1 = shirk. Due to incentive com-
patibility, under πconst using α∗ the agent must take action
A1 or A2 (in fact, A1). It follows that under πalt the agent
must also take action A1 or A2: action B is worse in the first
round by the choice of α∗, and worse in the second round
because shirking reduces the chance of reaching the favor-
able continuation state. Hence, without loss of generality,
we ignore agents who take action B.

Let the principal’s expected utility under some policy π be
V(π), and let the expected utility for an agent who does ac-
tion Q which best responds in the second round be V(π;Q).
Let

V1(α
∗) = ω1sPr(p1 < α∗, a1 = opt in, θ1 = 1)

− ω0(1− s) Pr(p1 < α∗, a1 = opt in, θ1 = 0)

= ω1sF1(α
∗)− ω0(1− s)F0(α

∗)

be the expected principal’s utility when the agent does action
A1 and the principal uses the constant threshold α∗. With
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this notation, we have

V(πconst,A1) = 2V1(α
∗)

and

V(πalt,A1) = V1(α
∗)

+ (sF1(α
∗) + (1− s)F0(α

∗))V1(α
∗)

< V(πconst,A1),

so only by incentivizing agents to do action A2 can πalt
possibly be better. Let us then derive an inequality which
guarantees that

V(πconst,A1) < V(πalt,A2).

Because

V(πalt,A2) = ω1sF1(α
∗)
(
1 + sF1(α

∗)
)
,

(there is probability sF1(α
∗) of an approval in each round),

this is equivalent to

2
[
ω1sF1(α

∗)− ω0(1− s)F0(α
∗)
]

< ω1sF1(α
∗)
(
1 + sF1(α

∗)
)
,

or, after rearranging,(
1− s

s

)
η >

F1(α
∗)
(
1− sF1(α

∗)
)

2F0(α∗)
. (2)

We will return to (2) later. Next, we will derive the inequality
for which an agent’s best response is for them to do action
A2.

Let an agent of action Q’s expected utility under πalt be
U(πalt;Q), and let

U1(α
∗) = R[sF1(α

∗) + (1− s)F0(α
∗)]− C.

Action A2 dominates action A1 if

U(πalt;A1) < U(πalt;A2)

which is equivalent to

U1(α
∗) +

(
sF1(α

∗) + (1− s)F0(α
∗)
)
U1(α

∗)

<
(
U1(α

∗)−RF0(α
∗)(1− s)

)
+

(
sF1(α

∗) + (1− s)
)
U1(α

∗)

which, after rearranging becomes

s[F1(α
∗)− F0(α

∗)] ≥ ρ+
(F0(α

∗))2

1− F0(α∗)
. (3)

Now, we must find parameter configurations such that (2)
and (3) are simultaneously satisfied, for ρ := C/R and
η = ω0/ω1.

Let α∗
unconst(η) > 0 be that which solves dF1(α)/dF0(α) =

f1(α)/f0(α) = η (1−s)
s . Observe that whenever (3) is satis-

fied with α∗
unconst in place of α∗, then α∗

unconst = α∗, i.e. the
constraint in (1) does not bind, and hence it suffices to find
parameters such that (3) is satisfied with α∗

unconst.

We claim that, for η sufficiently large, we simultaneously
satisfy (2), as well as

s[F1(α
∗
unconst(η))−F0(α

∗
unconst(η))] ≥

(F0(α
∗
unconst(η)))

2

1− F0(α∗
unconst(η))

.

(4)
To see why, observe that α∗

unconst(η) is decreasing in η, be-
cause monotone likelihood ratio implies concavity of F1(α),
and must go to zero as η gets large, because f1(α) is non-
negative and differentiable on (0, 1). Then we can take η
large to get α∗

unconst(η) small, whence (2) is satisfied by the
technical assumption and (4) is satisfied because α2/(1−α)
has slope zero at α = 0, and the left-hand side has positive
slope at α = 0 because F1 stochastically dominates F0. Let
η be the smallest such η such that (2) and (4) are satisfied.

Then finally for any η ∈ (η,∞), we can pick

ρ = s[F1(α
∗
unconst(η))− F0(α

∗
unconst(η))]

− (F0(α
∗
unconst(η)))

2

1− F0(α∗
unconst(η))

.

Any such pair of ρ, η works.

3.1. The technical assumption

We have assumed above the following assumption.

Assumption 3.2. The alternative p-value distribution F1

satisfies

lim
x→0+

F1(x)

xf1(x)
< 2.

This holds whenever F1 is differentiable at 0, so that f1(0)
is finite, in which case the left-hand side equals 1. However,
in most typical cases in testing, f1(0) = ∞.

Nevertheless, the condition often holds, for example under
the z-test when this quantity is equal to 1. The following
proposition illustrates a basic model when it may hold.

Proposition 3.3. Assume that under the null, an underlying
test statistic satisfies T ∼ g0(t), and under the alternative
T ∼ exp{θt − A(θ)}g0(t) =: gθ(t), so that for the p-
value testing H0 : θ ≤ 0 against H1 : θ > 0, we have
p(t) = Ḡ0(t) = 1 − G0(t). Then F1, the distribution of
p(T ) under the alternative, satisfies

lim
x→0+

F1(x)

xf1(x)
= 1

whenever the hazard h0(t) := g0(t)/Ḡ0(t) is monotone
increasing. In particular, it suffices to assume that g0 is

4
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log-concave, which implies that the hazard rate is monotone
increasing.

Proof. We will show this claim for general θ > 0. Rewrite

Fθ(p)

pfθ(p)
=

Ḡθ(t(p))/gθ(t(p))

Ḡ0(t(p))/g0(t(p))

= E
T∼g0

[
eθ(T−t(p)) | T > t(p)

]
,

where t(p) = Ḡ−1
0 (p) is monotonic non-decreasing in p,

and satisfies limp→0+ t(p) = ∞. It hence suffices to com-
pute the limit

lim
p→0+

E
T∼g0

[
eθ(T−t(p)) | T > t(p)

]
= lim

t→∞
E

T∼g0

[
eθ(T−t) | T > t

]
.

Let Ut be the non-negative random variable with the same
distribution as T − t, under g0, conditional on {T ≥ t}; for
u > 0 it has survival function

Pr(Ut > u) =
Ḡ0(t+ u)

Ḡ0(t)
. (5)

Additionally, the relation f ′(t) · u ≥ f(t+ u)− f(t) holds
whenever f ′(t) is monotone decreasing. Then, via the re-
lation d

dt log Ḡ0(t) = −g0(t)/Ḡ0(t) = −h0(t), we get the
upper bound

Ḡ0(t+ u)

Ḡ0(t)
≤ e−uh0(t). (6)

Now we can compute the limit. By definition of Ut,

lim
t→∞

E
T∼g0

[
eθ(T−t) | T > t

]
= lim

t→∞
E[eθUt ],

and so

lim
t→∞

E[eθUt ] = lim
t→∞

∫ ∞

0

Pr(eθUt > x) dx

= 1 + lim
t→∞

∫ ∞

1

Pr(eθUt > x) dx

= 1 + lim
t→∞

∫ ∞

1

θeθu Pr(Ut > u) du

≤ 1 + lim
t→∞

∫ ∞

1

θeθue−uh0(t) du

≤ 1,

where the second line uses θ, Ut > 0, the fourth applies (5)
and (6), and in the last line we apply dominated convergence,
as the integrand is dominated by θe−u for large enough
t.

4. Discussion
The two-period example and the infinite-horizon timeout
calculation make the same point from complementary an-
gles. A fixed threshold can incentivize effort only by making
approvals sufficiently likely, but that also exposes the prin-
cipal to false approvals when the agent submits low-quality
projects. A dynamic protocol can separate these incentives:
it can make effort valuable through future access while
making low-quality submission costly through future denial
states.

The timeout family is not meant to exhaust the space of
dynamic protocols. Rather, it is a transparent witness that no-
feedback sequential testing can differ qualitatively from one-
shot principal-agent testing. More general protocols can be
computed by backward induction on a discretized threshold
grid, using strong Stackelberg tie-breaking to select the
principal-preferred action among the agent’s best responses.
This provides a numerical route for comparing constant
thresholds, timeout rules, and richer standing-index policies.

Impact Statement
This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none which we feel must be
specifically highlighted here.
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