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1 Introduction
Consider a researcher testing the efficacy of a new treatment (e.g. an educational
intervention or a new pharmaceutical), and suppose the situation is as follows.
The new treatment is either good or bad. When administered to a subject
randomly drawn from some population of interest, if the treatment is good the
subject will improve with probability ρ P p.5, 1q, and if it is bad the subject will
improve with probability 1´ ρ.

The only control the researcher has over the test is the number of subjects
to enroll. In the pre-registration regime, the sender commits to a sample size
before any results are realized. In the sequential sampling regime, the sender
observes the results of each subject before deciding whether to enroll the next
one. The trial ends when the sender declines to enroll any further subjects.

Under either regime, after the trial is over, the complete history (i.e. the
status of each subject) is viewed by a policymaker. Depending on the outcome of
the trial, the policymaker will make a binary adopt/reject decision regarding the
treatment. The policymaker and the researcher may each have some preferences
over the policymaker’s decision and the state, and these preferences need not
be aligned.

In this paper I study the researcher’s problem, and compute the value of an
optimal trial under both the pre-registration regime and the sequential sampling
regime for arbitrary values of ρ. In the sequential sampling regime this solution
is derived analytically by framing it as the solution to a gambler’s ruin prob-
lem; in the pre-registration regime this solution is obtained computationally.
Due to computational limits, values obtained for the pre-registration regime are
underestimates when ρ is close to .5.

I compare the sender’s choice set and value under these regimes to his choice
set and value under an “unrestricted” regime, in which he can choose a test with
an arbitrary false positive and false negative rate (this is the standard assump-
tion in most models of persuasion). I find that the sender’s choice set under
the pre-registration regime is significantly limited compared to the sender’s un-
restricted choice set, even for values of ρ close to .5. In contrast, plotting the
sender’s value under the sequential sampling regime suggests that as ρ decreases
to .5, the sender’s value approaches the value of his unrestricted choice set; I
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show that this would imply that as ρ approaches .5 the sender’s choice set also
approaches his unrestricted choice set.

2 Model
The state of the world ω is a random variable distributed over Ω “ t0, 1u,
according to a commonly known interior prior µ “ Prpω “ 1q. There is a
receiver (“she”) who has access to an action set A “ t0, 1u, where action 1 can be
thought of as adopting some treatment and 0 as rejecting it. Before she makes a
decision, a sender (“he”) chooses an information structure π, which stochastically
maps the state of the world into some outcome space, from some exogenously
given set Π. After the receiver views the sender’s choice of π and its outcome, she
chooses her action a, and payoffs vpa, ωq and upa, ωq of the sender and receiver
respectively are realized. I assume that the receiver strictly prefers to match her
action to the state, and normalize her utility to be up0, ωq “ 0, up1, ωq “ ω ´ z
for ω P t0, 1u, for some z P pµ, 1q. I assume the sender’s utility takes the form
vpa, ωq “ αa ` p1 ´ αqupa, ωq for some α P r0, 1s; when α “ 0, the sender’s
preferences are aligned with the receiver’s, and when α “ 1 the sender cares
only about maximizing the probability that the receiver adopts.

The key difference between this model and a standard Bayesian persuasion
problem is the sender’s restriction to the choice set Π. I give a formal definition
of Π for the two regimes of interest in the next section.

3 Information Structures
A signal π “ pS, π0, π1q consists of an outcome space S, and a pair of probability
distributions pπ0, π1q over S. The outcome s of π is distributed according to πω
over S when the state is ω. I will refer to the universal set of all possible such
signals as Π˚.

It will also be useful to represent signals by the conditional distributions
over the receiver’s actions that they induce. Let ppπq “ ppωpπqqω “ pPrπpa “
ω|ωqqω, and define P pΠq “ tppπq : π P Πu. Then instead of having the sender
choose a trial design from Π, we may equivalently consider his choice to be over
action distributions from P pΠq Ă r0, 1s2.

3.1 The Unrestricted Choice Set
If the sender faced no restriction on his choice set (so his signal could be any
random map from the state to outcome space), any action distribution pp0, p1q
that he could attain could be attained with the signal π “ pps0, s1q, π0ps1q “
1 ´ p0, π1ps1q “ p1q, which recommends adoption with probability p1 in state
1 and 1 ´ p0 in state 0. Upon seeing a realization of s1, the receiver can do
no better than taking action 1, and upon seeing s0 no better than action 0.
To get an intuition for why this is so, suppose the sender takes some signal
that induces pp0, p1q, and groups all of its realizations that would lead to the
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Figure 1: Sender’s unrestricted choice set when µ “ .3, z “ .4. The incentive
compatibility constraint that defines the set is µp1{pµp1 ` p1´ µqp1´ p0qq

receiver adopting, into one category, labeled s1, and labeled all of the realiza-
tions that would lead to rejection, into another category s0. Then the signal
which only revealed whether the original realization was in s1 or s0 would have
exactly the form described, and would result in the same action distribution
pp0, p1q. Thus we can restrict attention to those signals whose outcomes are
incentive-compatible action recommendations, which Kamenica and Gentzkow
(2011) refer to as straightforward signals.

Mathematically, this requires that µπ1ps1q
µπ1ps1q`p1´µqπ0ps1q

ě z: this ensures that
the receiver will be willing to adopt after seeing a realization of s1, and since
µ ă z by assumption, this in turn implies that the receiver will be willing to
reject after seeing a realization of s0. For any signal that satisfies this condition,
we will have p1 “ π1ps1q, p0 “ π0ps0q, by definition of incentive compatibility.
This observation allows us to give a succinct definition of the sender’s choice
set: P pΠ˚q “ tpp0, p1q P r0, 1s ˆ r0, 1s : µp1

µp1`p1´µqp1´p0q
ě zu. This unrestricted

choice set P pΠ˚q will be useful as a comparison when we restrict the sender’s
choice set through either pre-registration or sequential sampling.

3



3.2 Distribution of Subject Outcomes
In both the pre-registration and sequential sampling regimes, the sender’s trial
will involve enrolling some number of subjects. To fix ideas, I suppose that sub-
jects respond to treatment in the following symmetric fashion. After receiving
treatment, a subject’s condition will improve with probability ρ when the state
is good, and 1´ρ when the state is bad. Letting sω designate the outcome that
is more common in state ω, we have the following conditional distribution.

s “ s0 s “ s1
ω “ 0 ρ 1´ ρ
ω “ 1 1´ ρ ρ

3.3 The Pre-Registration Choice Set
Under pre-registration, the sender can only choose the size of his trial. When the
sender chooses sample size n, there are n` 1 possible payoff-relevant outcomes:
the number of subjects that improve after treatment is given by x P t0, 1, ..., nu.
The probability that x subjects improve when the sample size is n ą x is given
by

`

n
x

˘

ρxp1´ ρqn´x in state 1, and
`

n
x

˘

ρn´xp1´ ρqx in state 0.
Thus for an appropriate choice of n, under pre-registration the sender can

choose any information structure in ΠPR “ tπ “ pS, π0, π1q P Π˚ : Dn P

N s.t. S “ t0, 1, .., nu, and @s P S, π0psq “
`

n
s

˘

ρn´sp1 ´ ρqs, π1psq “
`

n
s

˘

ρsp1 ´
ρqn´su. Taking P̄ pΠPRq to be the closure of P pΠPRq, and allowing the sender to
randomize over his choice of sample size, I will take the convex hull of P̄ pΠPRq

to be the sender’s choice set under pre-registration.
Below I have plotted the action distributions induced by values of n P

t0, 1, ..., 55u, when µ “ .3, z “ .5, and ρ “ .68. The induced distributions
pp0, p1q are represented by the blue stars; the convex hull of the set is shaded
in red. The yellow line is the sender’s indifference curve associated with full
information revelation (n Ñ 8), and the orange line is the receiver’s indiffer-
ence curve associated with no information revelation (n “ 0). Note that the
unrestricted choice set P pΠ˚q would be the entire area to the northeast of the
orange line.
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3.4 The Sequential Sampling Choice Set
Under sequential sampling, the sender’s problem is simply to choose when to
stop enrolling subjects. It is without loss of generality to assume that the
sender can commit to a stopping rule (or a randomization over stopping rules)
ex ante. Each stopping rule T can be associated with a static signal πT (as in
e.g. Morris and Strack (2019)) that would induce the same distribution over
posteriors (and therefore the same distribution over receiver actions) as the
sequential sampling trial would under the stopping rule. Thus we can think of
the sender as choosing a signal from ΠSS “ tπT : T is a stopping ruleu. This
is equivalent to choosing an action distribution from P pΠSSq; as under pre-
registration, assume the sender can randomize over stopping rules and so can
choose any action distribution from the closed convex hull of P pΠSSq, which I
will refer to as P̄ pΠSSq.

4 Analysis
A useful feature of the binary symmetric distribution is that that, whatever prior
belief µ the observer holds, after seeing one positive and one negative realization
of i.i.d. binary symmetric signals, the observer will be back to holding belief µ.
Thus we can restrict attention to the difference between successes and failures,
which I will define as d “ x´ pn´ xq.
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The receiver’s belief after seeing a trial with a resulting difference of d would
be the same as her belief after seeing d positive outcomes in a row. We can
write Prpω “ 1|dq “ µρd

µρd`p1´µqp1´ρqd
. The receiver will thus be willing to adopt

in this case if µρd

µρd`p1´µqp1´ρqd
ą z. We can simplify this to µρd ą zpµρd ` p1´

µqp1´ρqdq, further to p1´zqρd ą 1´µ
µ zp1´ρqd, further still to p ρ

1´ρ q
d ą

1´µ
µ

z
1´z ,

and finally to d ą
logp 1´µµ

z
1´z q

logp ρ
1´ρ q

. Take d˚ to be the ceiling of this expression, so
the receiver will adopt if and only if she sees a difference of at least d˚. Notably,
d˚ depends on ρ, z, and µ, but not n.

4.1 Sequential Sampling
The following analysis assumes the sender is completely biased (i.e. α “ 1) and
only cares about maximizing the probability of adoption.

Sender’s optimal decision rule is to only stop enrolling subjects once d ą d˚.
This will convince the receiver to adopt with probability 1 in state 1 (since if the
sender does not stop producing information, the true state will eventually be
revealed). In state 0, the question is a little more complicated, and the problem
ultimately reduces to an example of the gambler’s ruin problem.

To facilitate the comparison, let D˚ denote the event that d ě d˚. Let
qk “ PrpD˚c|ω “ 0|d “ d˚ ´ kq be the probability that D˚ is never reached
when ω “ 0, starting from an observed difference of d “ d˚´k. We can condition
qk on the value of the next realization, so that qk “ ρqk`1 ` p1´ ρqqk´1. This
can also be written as ρqk ` p1 ´ ρqqk “ ρqk`1 ` p1 ´ ρqqk´1; from this we
can derive qk`1 ´ qk “

1´ρ
ρ pqk ´ qk´1q. Notably, this applies when k “ 1,

yielding q2 ´ q1 “
1´ρ
ρ q1, since q0 “ 0 by definition. Applying the relationship

repeatedly, obtain qk`1 ´ qk “ p
1´ρ
ρ q

kq1. Then qk`1 ´ q1 “
řk
i“1 “ qi`1 ´ qi “

řk
i“1p

1´ρ
ρ q

iq1, so qk`1 “
řk
i“0p

1´ρ
ρ q

iq1. Applying our knowledge of geometric

series, get qk`1 “ q1
1´p 1´ρρ q

k`1

1´ 1´ρ
ρ

.

All that is left is to solve for q1. Assume first that there is some large negative
difference d “ d˚ ´K upon reaching which the sender would give up and stop
enrolling subjects. Then it would be true that qK “ 1. We would also have

1 “ qK “ q1
1´p 1´ρρ q

K

1´ 1´ρ
ρ

. This tells us that q1 “
1´ 1´ρ

ρ

1´p 1´ρρ qK
, so qk “

1´p 1´ρρ q
k

1´p 1´ρρ qK
. As

we let K Ñ8, we get qk Ñ 1´ p 1´ρρ q
k.

From this, we can conclude that the probability of NOT reaching d ě d˚

when ω “ 0 and starting with an initial difference of 0 is given by qd˚ “

1 ´ p 1´ρρ q
d˚ . Thus when ω “ 0 the probability of successfully persuading the

receiver using sequential sampling is p 1´ρρ q
d˚ .

Thus the value of sequential sampling to the sender is given by V wpρq “

µ` p1´ µqp 1´ρρ q

S

logp
1´µ
µ

z
1´z

q

logp
ρ

1´ρ
q

W

.
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4.2 Value Functions
Below I graph a fully biased sender’s value for his optimal trial under sequen-
tial sampling and pre-registration as ρ varies from .51 to .99, along with his
value associated with unrestricted choice set, and his value associated with full
revelation, when µ “ .3, and z “ .5. The sender’s value under sequential
sampling is derived in the previous section; to obtain the sender’s value un-
der pre-registration, I use brute-force calculations to compute his value after
choosing sample size n P t0, 1, ..., 55u and take the maximum value, for each
ρ P t.51, .52, ..., .99u. I choose this limited range for n out of necessity: MAT-
LAB runs into issues with the combination term

`

n
x

˘

for higher values of n,
where it rounds the term to 15 significant digits; even ignoring this, going as far
as n “ 100 yields few changes to the graph, while taking significantly longer to
run the code.

Two things stand out. First, estimates of the sender’s value under pre-
registration are clearly hurt by computational limits: at minimum, regardless
of the value of ρ, the sender should be able to assure himself a value at least
equal to his full revelation value. Second, as ρ approaches .5, the sender’s
value under sequential sampling seems to approach his value absent restrictions
on his choice set. As the following proposition shows, this would imply that
the sender’s choice set under sequential sampling P̄ pΠSSq must approach his
unrestricted choice set Π˚.

Proposition 4.1 Under either regime, if a fully biased sender is able to attain
the same payoff as he can from Π˚, then his choice set must be equal to P pΠ˚q.
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Proof Recall that P̄ pΠSSq and P̄ pΠPRq are both closed and convex, and both
are subsets of P pΠ˚q. Both contain the points (1,0) (achieved when the sender
does not enroll any subjects) and (1,1) (achieved as the number of subjects
approaches infinity). If the biased sender can attain his first-best payoff, the
upper-left hand corner of P pΠ˚q must also be included, which implies that the
sender’s choice set includes all three corners of P pΠ˚q, and therefore must be
equal to P pΠ˚q by convexity.

In comparison, it does not seem that the sender’s choice set under pre-
registration approaches his unrestricted choice set. Below is an approximation
of the sender’s choice set under pre-registration when µ “ .3, z “ .5, and ρ “ .54
(to produce this graph, MATLAB had to do a lot of rounding along the way, so
this is not exact).

5 Related Literature
Since the seminal work by Kamenica and Gentzkow (2011), other models of per-
suasion have studied limitations on the sender’s choice of information structure.
Gentzkow and Kamenica (2014) assume the sender must pay a cost according
to his choice of trial. Tomala and Le Treust (2019) assume the sender has a
limited communication channel, as do Dughmi, Kempe, and Qiang (2018).

Morris and Strack (2019) show that in a two-state sequential sampling model,
a researcher who observes a continuous-time process with a Brownian motion

8



noise term can choose a stopping time which induces any distribution of pos-
teriors whose mean is the prior. Notably this means there are no distributions
of posteriors that can be induced by an arbitrary trial design that cannot be
induced by an appropriate stopping time of the random process. My findings
on sequential sampling suggest that this also applies to discrete-time processes
as the informational content in each observation vanishes.

Another example of persuasion with sequential sampling is Brocas and Car-
illo (2007), who allow the sender to choose a stopping time for the observation
of public information. Their model is very similar to the sequential sampling
regime in my model. While we both compute the sender’s value under sequential
sampling, we take our analyses in different directions. They investigate the effect
of costly trials and costly information available to the receiver. I compare the
sender’s value under sequential sampling to his value for an unrestricted choice
set, which was not an understood concept at the time of their publication.

Outside of the persuasion literature, there has also been some recent interest
in the behavior of aggregates of individual signals. Mu et al. (2019) provide
conditions under which a large sample of i.i.d. realizations of one signal will be
Blackwell-more-informative than a large sample of i.i.d. realizations of another
signal. Pomatto, Strack, and Tamuz (2019) derive a cost function for informa-
tion production that assumes that generating n i.i.d. copies of a signal costs n
times as much as generating one copy of the signal.

In another section of the literature, Banerjee et al. (2020) puts forward a
theory of experimenters to better understand current practices in the design
of randomized controlled trials. Their model is similar to mine in that their
experimenter must choose which individuals to include in his treatment group,
after which a receiver uses the results of the experiment to decide whether
to treat some population. However, they assume the experimenter shares the
receiver’s utility function, and merely faces ambiguity over the receiver’s prior
belief. Their formulation helps explain the practice of randomization between
trial designs, but not the practice of sharing low-dimensional statistics rather
than raw data. Although my model was conceived independently of theirs, I
have benefited from seeing their approach.

6 Conclusion
We have seen that in a simple environment, as the information contained in any
one test result vanishes, the sender’s choice set under sequential sampling seems
to approach his choice set absent any restrictions. In contrast, it seems that
the sender’s choice set under pre-registration remains significantly restricted
for value of ρ. With more analysis, it should be possible to formalize this
mathematically.

One immediate extension would be to model each subject’s outcome as a gen-
eral Bernoulli trial, without any symmetry assumption; it may also be tractable
to model subject outcomes as continuous and normally distributed. We could
also consider a model in which there is more than one “type” of subject avail-
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able, in which case the sender would have multiple signals available and could
choose how many times to send each one. Another natural extension would be
to assume there are more than two states.

In our current model, there is not much interesting to say about the role of
statistics. If the sender could choose any statistic he wanted to map his trial
results into some outcome space, he could attain his unrestricted first-best utility
using a statistic that output incentive-compatible action recommendations. On
the other hand, if the sender is restricted in the statistics he can choose, they may
not be useful to him: even if the sender only reports the mean subject outcome,
this would be a sufficient statistic for the complete trial results. However if we
implement some of the above additions, it may be interesting to see how the
role of statistics changes.

7 Appendix: More Graphs
Below I approximate the sender’s choice set under pre-registration when µ “
.3, z “ .5, for. ρ “ .61, .71, and .75 respectively. As earlier, I only plot action
distributions associated with sample sizes n P t0, ..., 55u.
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Below I approximate the sender’s choice set under pre-registration when µ “
.6, z “ .7. In order,the graphs depict the choice set when when ρ “ .54, .58, .61,
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and .75 respectively. Again, this plots action distributions for n P t0, ..., 55u.

12



Below I graph the sender’s value functions under the two regimes when
µ “ .6, and z “ .7. The sender’s maximum value under pre-registration is again
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limited to his maximimum value over sample sizes n P t0, ..., 55u.
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