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“Economists are quick to assume opportunistic behavior in almost every walk of life other
than our own. Our empirical methods are based on assumptions of human behavior that
would not pass muster in any of our models.” (Glaeser, 2006)
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® published studies may inform the public about the state of the world
® the public (audience) will take a decision after observing published studies
® the editor wants to minimize the audience’s loss

e if publication is costly (e.g., cognitive costs for the audience),
optimal policy is to publish a result if and only if it is sufficiently “surprising”
® Frankel and Kasy (2022)

® but if researchers are interested in publishing, selective publication affects their
incentives about what studies to conduct and how to implement them
® e.g., may not run a costly large-scale experiment w/low chance of publishing
® e.g., may manipulate results to increase chance of finding significant results
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This paper

taking researcher’s incentives to publish into account, we ask:

1. which research designs should be incentivized more when?
2. what form (if any) of selective publication is optimal?

we formulate a model of optimal publication decisions that takes into account

® researcher’s incentives about what studies to conduct (verifiable design)
® researcher’s incentives to manipulate the findings (non verifiable design)
= mechanism design problem with limited transfers

some takeaways:

1. optimal publication is biased towards studies that are cheaper for researchers to do
2. less surprising results, and manipulated results, are sometimes published
3. even if planner can enforce non manipulable designs, this can be sub-optimal



Related literature

® economic analysis of statistics [Chassang et al. (2012); Tetenov (2016); Spiess (Forthcoming, 2025);
Henry and Ottaviani (2019); Di Tillio et al. (2017); Viviano et al. (2025); Kasy and Spiess (2023)]

® we study choosing between different study designs (and manipulation)

® modeling scientific approval and communication [Frankel and Kasy (2022); Andrews and Shapiro
(2021); Glaeser (2006); Manski (2015)]
® we provide model that incorporates researchers’ incentives

® treatment effect literature with selection bias/external validity [e.g. Meager (2019); Allcott
(2015); Beets et al. (2020); Rosenzweig and Udry (2016)]
® we study how these issues interact with researcher's incentives

® work on decision theory and hypothesis testing [e.g., Wald (1950); Storey (2003); Efron (2008);
Manski and Tetenov (2016); Manski (2004); McCloskey and Michaillat (Forthcoming, 2024)]
® we provide an economic model with incentives for publication rules
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Model overview

® three agents: an editor, an audience, and a researcher

® state of the world 6 ~ A (u,n?); without loss =0

1. editor pre-commit to a publication rule p(+)

2. researcher chooses study design A (associated with bias and variance)

® to maximize chance of publication, net of cost Ca of executing A

3. researcher reports results X (A)

4. if published, audience action a*(X) to minimize expected loss [(a — 0)%| X]

® editor minimizes audience’s loss net of cost ca4 per publication



Model: two cases

1. verifiable: p(-) can depend on X and A, researcher does not know 6
® choosing betw/ experiments with different precisions: X (A) ~ N(6,5%)
® cost varies by design

2. non verifiable: researcher chooses A as function of data and p(-) only depends on X

® researcher can introduce bias in the study
® consider (reputational) cost for data manipulation
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Model: verifiable design

A X ~N(0,53) p(X,A) a*(X)
| | | |
| | 1 1
Design Execution Evaluation Action
(researcher) (editor) (audience)

e researcher: maxa bEx [p(X,A)] — Ca [without loss b = 1]

® cditor’s objective:

La=E|p(X,8)(a"(X) = )2 + (1= p(X, A)(0 = ) +p(X, A)es |

publication status quo cost
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® intuition: publish results that move a enough to be worth paying ca
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Which expensive studies to publish? C'z > 0

if the editor is constrained to implement A = E with Cg > 0,

then optimal publication decision rules satisfy

1 if | X] > X5
0 if|X| <X}

ngmin{SE—'_n Vea, @7 (1—C'E/2)\/S%+772}

p(X,E) =

where

® intuition: need to make E[p(X, E)] large enough to implement E

® relevant if the researcher’s IR constraint binds for A = F
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Implications

® suppose two designs are available:
® cheaper but less accurate study O, with Cp > 0
® more expensive but more accurate study F, with Cg > Co
® Define PostVar(A) = V(0| X (A)) the posterior variance

® should the planner publish results from O? or from E alone?

Prop If both Cg, Co are sufficiently small (but non-zero), and Sg < So the editor prefers E
Prop for O entailing non-trivial costs (IR is binding for O) planner prefers E over O iff
PostVar(O) — PostVar(E) > (Cg — Co)ca + O(e)
with € = (1 — Cp)? (exact expressions in the paper)

= larger attention cost shifts preference towards less expensive design due to supply effect
10



Graphical illustration
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Non-verifiable design



Model: asymmetric info case

A0, ¢) X=0+pa+¢ p(X) a(X)
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® suppose that researcher knows selects the design knowing 0 + &
® here, e ~ N(0,5?) is common sampling uncertainty (with S? = 1 interpret X as t-stat)
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Model: asymmetric info case

A0, ¢) X =0+pa+c¢ p(X) a(X)
| | | |
| | I |
Design Execution Evaluation Action
(researcher) (editor) (audience)

suppose that researcher knows selects the design knowing 0 + ¢

® here, e ~ N(0,5?) is common sampling uncertainty (with S? = 1 interpret X as t-stat)
nontrivial potential designs A € R parameterized by bias Sa € R
researcher chooses A to max p(X) — Ca, where Ca = cpr|BA| [fixed costs in the paper]
audience forms posterior under naive assumption of no bias Sa

12



Optimal publication rule

Optimal publication rule minimizes audience's loss accounting for researcher’s best action.

Thm: optimal publication rule takes the form

0 if | X| < X*—
PX) =41 —en(X*—|X]|) if X* = - <[|X| < X*
1 otherwise

where X* > t*, where t* is optimal threshold with no manipulation
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Optimal publication rule

Optimal publication rule minimizes audience's loss accounting for researcher’s best action.

Thm: optimal publication rule takes the form

0 if | X| < X*—
p(X) =1 —cp(X*—|X]) if X*— L < |X[ < X*
1 otherwise

where X* > t*, where t* is optimal threshold with no manipulation

® publication mitigates manipulation, but does not eliminate it
® it raises the threshold for guaranteed publication
® it randomizes publication (just) below the threshold

® it publishes some results with | X| < t*

13



Implications

Publication rule Testable observation  Published results  Manipulation

Optimal cutoff rule Large bunching Only results Large
ignoring manipulation with | X| > t*

Add randomization No bunching Many results None
below cutoff with | X| < t*

Optimal rule Some bunching Some results Some
with | X| < ¢*

(Randomize + raise cutoff)

14



Implications
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An empirical illustration to medical studies



Application to medical publications

® Pub/ in top medical journals signal for marketing and credibility (Modi et al., 2023)

® However, clinical trials are often expensive and costs are burnt privately
= Moved researchers and FDA to a debate on the use of synthetic or external control groups
Q: publication rule in the absence of a pre-specified (manipulable) experiment?
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® However, clinical trials are often expensive and costs are burnt privately
= Moved researchers and FDA to a debate on the use of synthetic or external control groups
Q: publication rule in the absence of a pre-specified (manipulable) experiment?

Head et al. (2015) collect ~ 800,000 p-values from PubMed for medical and
pharmaceutical journals. We invert X; = ®~!(1 — p;/2) to obtain t-stat
we model X; = 0; + B; + &, with g; ~ N(0,1) and 6; ~ NV(0,7?)

[zero mean consistent with existing meta-analysis (Bartos et al., 2023)]

® Some remarks:
® 36% of study never published (Vorland et al., 2024); we will assume all these are
non-significant for simplicity — also consistent with Showell et al. (2024)
® 27% of studies in PubMed 2002-15 are pre-specified exp/ (Lamberink et al., 2022).

task: calibrate (772, CA, CM) [sunk fixed costs, can be relaxed]
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Calibration

® For publication rules 1{|X| > 1.96}, we should observe bunching at 1.96. Therefore take
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Calibration

For publication rules 1{|X| > 1.96}, we should observe bunching at 1.96. Therefore take

1 1
®(1.96) — P (1.96 — — ) = S1.06 x (1-0.36) x ——
CM S~~~ N—— 1—-0.27
share t-stat around 1.96  Share published —
Share manipulable

For n% use 95" quantile (adjusting for pub bias) equal to 3.43(>> 1.96) = n? = 1.94.

For ¢4, choose t* = 1.96 = 1/0,41:;72 = 1.96, the standard 5%-critical value

In the paper, same analysis also with t* = 2.56.
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Distribution of X in equilibrium
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Optimal rule vs standard threshold

Publication rule % Published Within published findings
% | X| <1.96 % Manipulated Average Bias |3

t-test rule 1{|X| > 1.96}

- 25% 0% — —
(without manipulation) ’ ’
t-test rule 1{|X| > 1.96} 58% 0% 56% 0.31
(with manipulation) '
Optimal rule (X* = 2.64) 25% 5% 45% 0.11
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Choosing an experiment or observational study?

® recent debates for FDA for use of external or “matched” controls vs pre-specified
experiments (Food and Drug Administration, 2023) = lower cost but manipulability

[..] In an externally controlled trial, outcomes in participants receiving the test treatment
according to a protocol are compared to outcomes in a group of people external to the trial
who had not received the same treatment. The external control arm can be a group of
people, treated or untreated, from an earlier time (historical control), or it can be a group
of people, treated or untreated, during the same time period (concurrent control) but in
another setting.
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Choosing an experiment or observational study?

® recent debates for FDA for use of external or “matched” controls vs pre-specified
experiments (Food and Drug Administration, 2023) = lower cost but manipulability

[..] In an externally controlled trial, outcomes in participants receiving the test treatment
according to a protocol are compared to outcomes in a group of people external to the trial
who had not received the same treatment. The external control arm can be a group of
people, treated or untreated, from an earlier time (historical control), or it can be a group
of people, treated or untreated, during the same time period (concurrent control) but in

another setting.

® takeaways:
® in some therapeutic areas obs studies may be preferred when exp cost is high
® but only true if adopt different publication rules for obs studies and exp/

19



Calibration with our model
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Conclusions

® the design of scientific communication shapes research process
® with a verifiable design planner’s preference must depend on research and attention costs
® with non-verifiable design, optimal publication rule
® publishes some results that would not be published in absence of manipulation
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® increases the threshold for guaranteed publication
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Conclusions

® the design of scientific communication shapes research process

® with a verifiable design planner’s preference must depend on research and attention costs
® with non-verifiable design, optimal publication rule

® publishes some results that would not be published in absence of manipulation
® publishes some manipulated findings

® increases the threshold for guaranteed publication

® application to medical study illustrates that
® incentives for manipulation can significantly change standard ¢-test rules
® choosing synthetic control groups requires different publication standards

Open questions:

® more complex decisions of planner and researcher
® general models of manipulation

® application to other forms of decisions/loss functions
. DY

21



Thanks very much, questions?
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