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hypothesis testing: a tool for scientific research

• to assess the validity of existing paradigms & models

– null hypothesis = existing paradigm/model is realistic

– rejecting the null = identifying an anomaly

• to assess the e�ectiveness of new treatments & policies

– null hypothesis = new treatment/policy is ine�ective

– rejecting the null = discovering an e�ective treatment/policy

• key parameter: signi�cance level α (often 5%)

– need to enforce size of test (type I error rate) ≤ α

– otherwise rejections are uninformative



researchers’ incentives

• researchers have incentives to publish

– academic job & salary

– tenure & promotion

– grants

• journals prefer to publish rejections of H0

– preference for “signi�cant results”

– possible reason: new anomalies/discoveries are important to

scienti�c progress

 researchers have incentives to search until they reject H0



research incentives induce over-rejections

• classical assumption: t -statistic drawn from random sample

• in reality: scientists search for & report t -statistic rejecting

H0 : β = β0

– form t -statistics from multiple data sets & speci�cations:

Xi =
β̂i − β0

se(β̂i )

– then report maxi |Xi |

• but under H0: maxi |Xi | ∼ maxi |Ni (0, 1)| > |N(0, 1)|

 given research incentives: test size using classical CV > α



incentive-compatible critical values (ICCVs)

• ensure test size ≤ α while respecting researchers’ incentives

• need to solve �xed-point problem:

CV = 1 − α quantile ofG

– G : distribution of reported test statistics under H0

– CV research payo�s researchers’ behavior G

• challenge: need to model researchers’ behavior to obtainG

– G < Φ as soon as there is “p-hacking”



existing methods to control size

• multiple testing & sequential analysis corrections (Howard et al, 2019)

 requires number n of conducted studies to be known

• debiased meta-analyses (Stanley 2005, Andrews & Kasy 2019)

 need to wait until many studies are conducted

 both methods fail to account for CV n andG

• pre-analysis plans (as in medical RCTs, Journal of Dev Econ)

– prevent exploratory analysis

– di�cult to implement with observational data



researcher’s behavior under CV z

• forms a sequence of latent t -statistics Xi = (β̂i − β0)/se(β̂i )

• decides whether to conduct n t h study based on

– expected reward v from exceeding z

– cost c(n) of conducting n t h study

– researcher’s beliefs Ðn after n − 1 studies

– results of previous studies

• researcher conducts n t h study i� |Xn−1 | < z and

– expected bene�ts > cost

– v × Ðn(|Xn | > z | Xn−1,Xn−2, . . . ,X1) ≥ c(n)



definition of ICCV

• “IC”: researchers behave optimally, so

– reported test statistics ≤ max
{
|X1 |, |X2 |, . . . , |XN (z ) |

}
– N (z ) = maximum # of pro�table studies n such that

|Xn−1 | < z and

v × Ðn(|Xn | > z | Xn−1,Xn−2, . . . ,X1) ≥ c(n)

• “CV”: nominal level = α , so need z to satisfy

– PH0

(
max

{
|X1 |, |X2 |, . . . , |XN (z ) |

}
> z

)
≤ α



computing ICCV z ∗

• two-step computation:

1. determine maximum # of pro�table studies z 7→ N (z )

2. given Xi ∼ N(0, 1) under H0, �nd smallest z ∗ such that

PH0

(
max

{
|X1 |, |X2 |, . . . , |XN (z ∗) |

}
> z ∗

)
≤ α

• research cost ↑⇒N (z )↓⇒ ICCV ↓

– costly research

• research reward ↑⇒N (z )↑⇒ ICCV ↑

– “important” question / non-risky research



in basic case: impossible to learn from tests

• iid studies: Xi |β
i i d
∼ N(θ, 1) where θ = β−β0

sd(β̂ )

• no learning: researcher’s subjective distribution Ð does not depend

on previous studies’ outcomes

• constant study cost: c(n) = c

 continuation condition v × Ð(|Xn | > z ) ≥ c is same at every step

 if there is any research, researcher continues to conduct studies until

rejection and size = 100%



existence of ICCV

• impossibility result⇒ ICCV does not exist

• impossibility result is broken, and ICCV is well de�ned, if

1. researchers learn about β as they conduct studies

2. there is correlation in t -statistics across studies

3. study cost c(n) is increasing in n

• we provide methods to calculate ICCV in various settings

• we calibrate costs, bene�ts and subjective beliefs based upon existing

literature in a lab experiment setting



ICCV with researcher learning

• researcher Bayesian updates beliefs about true value of β

• Ðn depends upon outcomes of previous studies

 continuation condition v × Ðn(|Xn | > z ) ≥ c depends upon

outcome of previous studies via researcher’s beliefs Ðn

 researcher eventually stops conducting studies without rejecting with

probability > 0 if CV is large enough

– ICCV exists



monte carlo: researcher learning



monte carlo: researcher learning



ICCV with data pooling

• studies are correlated according to simple data pooling

– i t h study’s estimate of β is β̂i = 1
iT

∑iT
j=1Yj

 continuation condition v × Ð(|Xn | > z | Xn−1,Xn−2, . . . ,X1) ≥ c

depends upon outcomes of previous studies due to dependence

across studies

 researcher eventually stops conducting studies without rejecting with

probability > 0 if CV is large enough (ICCV exists)



monte carlo: data pooling
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monte carlo: data pooling
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general case

• allow dependence and di�erent means across latent t -statistics:

Xi |θi ∼ N(θi , 1) and cov(Xi ,Xj ) = ωi ,j

• di�erent θi ’s allows for

– misspeci�cation

– studies of varying precision

• ωi j ’s known to researcher: large sample approximation with

consistently estimable covariances between estimators

• examples: sampling/pooling datasets of di�erent sizes, running

di�erent regression/model speci�cations



conclusion

• if researchers report function of latent studies

f (X1, . . . ,Xn) < max{X1, . . . ,Xn }, ICCVs control size but are

“conservative”

• �exible framework allows editor to choose directions of robustness

• given researcher behavior, ICCVs relatively insensitive to inputs

– conservative rule-of-thumb setting CV equal to 3 controls size

across wide range of researcher behavior and inputs

– extrapolation to settings we did not study?



work in progress

• current version of paper does not incorporate “continuation value” in

researcher’s continuation decision

– even if expected marginal bene�t of next study does not exceed

cost, there could be value in continuing due to allowing for

rejection in future studies

• currently working on optimal stopping version of the problem to

incorporate this


