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The Bayes Factor

 The Bayes factor quantifies the extent to 
which the observed data are better predicted 
under the null hypothesis than under an 
alternative hypothesis.

 “This approach is rarely used in the empirical 
sciences” (EJ in Munich, 2023, based on 
previous experience)
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You see the following outcomes:
2, 3, 3, 3, 1, 1, 2, 3

What die do you think generated these 
outcomes? 
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Being Stubborn and Wrong 



Definition of a Bayesian
(Adjusted from Senn, 2007)

  “One who, strongly expecting a horse and 
clearly viewing a donkey, confidently asserts 
having seen a mule.”











A Remedy: Robust 
Mixture Priors

 Invest some prior mass on a relatively vague 
“insurance prior”.

 If prior-data conflict should occur, the 
insurance prior will kick in and take over the 
inference. 

 Robustifies the inference by adding an 
epistemic safety net.



A robust mixture prior



A robust mixture posterior; 
the mule has bolted. Mixture weights 

are the posterior probabilities.



Robust Mixture Priors
for Hypothesis Testing

 Same prior structure applies.

 The BF for the mixture is a weighted average 
of the BFs for each component, with the 
mixture weight the prior probability for that 
component.
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Prior-Data Conflict

 No prior is free from prior-conflict.

 You can be stubborn and wrong, but also 
needlessly vague. In both cases, prior mass is 
wasted.



Prior-Data Conflict

 No prior is free from prior-conflict.

 You can be stubborn and wrong, but also 
needlessly vague. In both cases, prior mass is 
wasted.

 Exception: the oracle prior – all prior mass 
centered at the MLE.





Prior-Data Conflict

 Hence a measure of prior-data conflict may be 
the BF for H1 (the model with the prior of 
interest) vs. the MLE:

 F near 0 implies that a lot of prior mass has 
been wasted.



Prior-Data Conflict

 For the normal-normal model with 
H1: θ ~ N(μ0, σ0

2) vs. the MLE we have:



Prior-Data Conflict

 When the SE is much smaller than the prior 
scale this yields:

 This attributes “prior waste” to vagueness, 
wrongness, and stubbornness.
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The Jeffreys-Lindley Paradox

 Usually “F” is discussed in the context of 
Bayesian model selection.

 See MacKay (1992) and Jaynes (2002), but 
perhaps Gull (1988) was there first:



The Jeffreys-Lindley Paradox

 We use the Chib-Besag insight and switch the 
role of marginal likelihood and posterior 
probability: 





This holds for any theta. 
Here we just pick the MLE... 





Correction for selection!







Suppose LR10 remains constant as 
sample size increases. The posterior

distribution contracts around the MLE,
driving the Ockham fraction down to zero.



The Jeffreys-Lindley Paradox

 Also, recall:

 Suppose the prior is centered on the MLE, 
and its width is the sampling standard 
deviation (i.e., the “unit-information prior”).



The Jeffreys-Lindley Paradox

 Then we have:

 This also underlies the BIC. All of this was 
anticipated by Jeffreys (of course).



Prior-Data Conflict

 As 2log(LR) ~ χ2
1, we can connect p-values to 

UI Bayes factors. Specifically, when p < .10 
we have (cf. Wagenmakers, 2022):

 This is another way of highlighting the 
Jeffreys-Lindley paradox.
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The more mass the prior puts on the MLE,  
the higher the Bayes factor will be. 



Example I: Testing a 
Universal Generalization

 H0: θ = 1 (“all ravens are black”)

 H1: θ ~ beta(1,1)

 We observe an unbroken string of black 
ravens.

 The MLE under H1 equals the null value.

 Hence, BF01 = F.



Example I: Testing a 
Universal Generalization

 Consider a sequential analysis:



Example I: Testing a 
Universal Generalization

 Consider a sequential analysis:

 The Fs approach 1 because H1 assigns more 
and more mass to the MLE. 



Example II: Coin Tossing

 H0: θ = 0.50

 H1: θ ~ beta(1,1)

 H2: “θ is about 0.51” (Diaconis et al.)

 Suppose we have s = 515, f = 485. 



Outline
   

 Introductory remarks

 Senn’s stubborn mule

 Ockham & prior-data conflict 

 Ockham & the Jeffreys-Lindley paradox

 Ockham & the role of informed priors

 The more pressing problem



Likelihood-Data Conflict

 How to deal the possibility that the likelihood 
is (seriously) misspecified?

 Gelman: people choke on the gnat of the prior 
while swallowing the camel of the likelihood.



Likelihood-Data Conflict

 Common strategy: adjust the model until 
misspecification can no longer be detected.

 Sometimes this may be the best one can do.

 But now the models are being cherry-picked, 
from an unknown prior distribution.

 Is there a Bayesian motivation for this?



Likelihood-Data Conflict

 I prefer to increase the model space and do 
Bayesian model-averaging.

 Another informative approach are many-
analyst projects (although the cherry-picking 
problem remains).



Balazs Aczel Alexandra 
Sarafoglou 







Multi-Analysts Efforts
   

 Can provide crucial insight.

 Drawback: the amount of logistical effort 
makes routine application unfeasible. 



Synchronous 
Robustness Reports

   

 Main idea: make it easy to publish “several-
analyst” reports.

 Format: concise re-analyses published 
together with the main article as comments.

 Idea was recently published in Nature Human 
Behaviour...







Balazs Aczel Alexandra 
Sarafoglou 

Chris Chambers Suzanne Hoogeveen 

František 
Bartoš 











Thanks for Your Attention!
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