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An example of application of PC priors to a Bayes 
factor computation
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Hommages

• Gustave Malécot (1911-1998)
• ENS élève de Borel, Cartan, Darmois & Fréchet

• Thèse sur les travaux de Fisher

• Maitre de conférences, Université de Lyon

• Probabiliste des processus stochastiques de l’hérédité

• Concept probabiliste de la  parenté (IBD

• Travaux diffusés par Gillois, Jacquard, Lamotte, Lalouel, Langaney

• USA: Kempthorne, Nagylaki, 

• Les mathématiques de l’hérédité

• La subjectivité de la connaissance scientifique, 1947

• Guy Lefort (1921-1979)
• Cf Applibugs, 4 juin, 2009

• Introduction à la théorie de la décision et à la statistique bayésienne, 1975,INA-PG
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Why be concerned with PC priors

• Penalising Complexity (PC) priors as another quest for default (weakly
informative) priors

• Paper by Simpson, Rue, Martins, Riebler & Sorbye (2014) commented
in https://xianblog.wordpress.com/ (April 1st, 18 /2014)

• Recurrent issues with priors for variance components (Applibugs 27-
11-2008)
✓ Overfitting with Gamma (a,b) on precision components

✓ PC: Exponential on standard deviation

• Reminiscence of same (old) ideas prior to PC priors
➢ MINQUE-0 (Rao, 1971)

• Close links with hypothesis testing (Applibugs, 19-12-2013)

https://xianblog.wordpress.com/
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Basic principles of PC priors
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Basic principles of PC priors/divergence
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Basic principles of PC priors/choice of lambda
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Distribution on divergence: expo (solid); G(1,a) (dotted)  
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Reproductibility crisis
(Baker, Nature, 2016,533)



11-12/06/2020 J-L FOULLEY- APPLIBUGS 10

Reproductibility crisis: factors involved
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Erroneous intuition about probability of replicating results
(Tversky & Kahneman, 1971) 
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Erroneous intuition about probability of replicating results
(Tversky & Kahneman, 1971) 

• Questionnaire distributed at meetings of the Mathematical Psychology 
Group and of the American Psychological Association

• 9 of 84 (10.7%) gave answers between 0.40-0.60

• Correct answer: 0.473 (0.478 Bayesian flavour)

• « Believer of small numbers pratice science as follows:
• Undue confidence in early trends and stability of observed patterns

• Unreasonably high expectations about replicability of significant results»

• « Acquaintance with formal logic and with probability theory does not 
extinguish erroneous intuitions »
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Significance testing & P-value

Sir Ronald Fisher (1890-1962)
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Hypothesis testing/NP
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P-value vs Hypothesis testing
(Biau et al, 2010)
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NHST as a synthesis

• Most statisticians do not make the difference between Fisher P-
values/Significance testing and Neyman-Pearson hypothesis testing
« Null Hypothesis Significance Testing » (Lecoutre & Poitevineau, 2014. 
The Significant Test Controversy Revisited)

• « It is an incoherent mismah of some of Fisher’s ideas on one hand and 
some of the ideas of Neyman and ES Pearson on the other » 
Gigerenzer, 1993

• « I don’t care about the people, Neyman, Fisher, and Pearson. I care 
about what researchers do. They do something called NHST, and it’s a 
disaster”, Gelman, 2019

• Ex: ICH E9 Guidelines for Clinical Trials

• Synthesis responsible for many bad uses of p-values (Greenland, Senn 
et al, 2016)
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NHST as a synthesis
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Propositions 
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Three recommendations for improving the use of p-values

• Benjamin & Berger (2019) The American Statistician, 73, 186-191

• R 0.1-Refer to discoveries,with a p-value between 0.05 and 0.005 
as « suggestive » rather than « significant »

• R 0.2-When reporting a p-value, p, in a test of the null hypothesis
H0 vs an alternative H1, also report that the data-based odds of H1 
to H0 being true are at most 1/[-eplogp]

• R 0.3 –Determine and report your prior odds of H1 to H0 and 
derive and report the final (posterior) odds of H1 to H0
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Bayes Factor
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Sir Harold Jeffreys (1891-1989)
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Posterior odds and BF
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Posterior probability & BF
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BF Calibration
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BF Calibration according to Jeffreys 

1

10K B− =  ( )
*

1Pr |H y  Deciban (dB) Deviance (∆D) Strength of evidence against the null 

1  1/ 2   0   0-Null hypothesis supported 

1.0 à 3.16  0.50 à 0.76  0 à 5  0 à 2.3  1-Not worth than a bare mention 

3.16 à 10  0.76 à 0.91 5 à 10  2.3 à 4.6  2-Substantial 

10.0 à 31.62  0.91 à 0.97  10 à 15  4.6 à 6.9  3-Strong 

31.62 à 100  0.97 à 0.99  15 à 20  6.9 à 9.2  4-Very strong 

100  0.99  20  9.2  5-Decisive 

( )01 0 1( | ) / |K B f y H f y H= = : « grade of decisiveness of evidence », Jeffreys (1961) Appendix B 

 ( )
*

1Pr |H y setting ( ) ( )0 1Pr Pr 1 / 2H H= =   

Deciban pertaining to 1K − :
10 1010logdB B=  (Turing A, Good IJ, 1940) 

Deviance defined as : 
01 0 1 0 12logL /L  (reduced vs complete models)D D D = − = −  



11-12/06/2020 J-L FOULLEY- APPLIBUGS 

Frequentist justification of BF
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Upper bound of BF10
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Distribution of P-values
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Distribution of p-values/suite
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Deriving BF10 from p-values
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Distribution of p-values under H1
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Upper bound of BF10/proof
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Upper bound of BF10/proof
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Checking BFB10(p) on real data

Bayarri et al, 2016, J Math Psycho : 272 studies (Ioannidis, 
2008)
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BFB10(p)/Bias towards H1

• BFB10 favors H1

• Quantify amount of bias towards H1

• Test priors on  (Foulley, 2020, TAS,74:1, 101-102,)

• Uniform

• PC prior (Simpson & al, 2015)
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Upper bound of BF10: uniform prior
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BFB  vs BFU (p fixed)
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BFB (red) vs BFU (blue)
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Pr(H1/p) bsup (red) vs Pr(H1/p) unif (blue)
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PC priors/Cont.
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PC priors/Cont.

39
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BF10 under PC priors

40

p 0.10 0.05 0.01 0.005 0.001 

BFB 1.60 2.46 7.99 13.9 53.3 

Pr(H1p) 0.62 0.71 0.89 0.93 0.981 

BFU 1.26 1.78 4.45 6.90 20.8 

Pr(H1p) 0.56 0.64 0.82 0.87 0.954 

BFP 1.36 1.84 4.04 5.89 15.3 

Pr(H1p) 0.57 0.65 0.80 0.85 0.939 

 

Table 1. Bayes Factors and corresponding probabilities of the alternative hypothesis Pr(H1p) under 
different prior distributions 
BFB: (upper) bound based on generalized likelihood ratio by Benjamin & Berger (2019) 
BFU: uniform prior  

BFP: penalizing complexity prior with =4/3 
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Checking the rule in standard testing situations

• Rule BFB(p) works well for
• One & Two-sided z-tests

• Two-sided t-tests with df≥10

• Rule plausible for Chi-squared tests
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Discussion 

▪ Issues with BFB10 being BF10 upper bounds
• OK if bounds small then do not reject H0; uncertainty

otherwise
• Bias towards H1 for BFB10, but BFB10 remains less optimistic

wrt H1 than supposed from the p-value: good warning against
H1 (adjustable according to choice of other priors)

▪ A fixed P-value does mean the same thing at different sample sizes 
(decreasing evidence with n incresing): not taken into account
here . But from Good (1992)we can suggest

or alternatively adjust directly lambda

▪ BFB can be implemented without a prior elicitation & is a good 
entry to a complete Bayesian analysis (Goodman, 1999)

▪ Choice of prior under H1 very influential on BF 

( )( )0* 4 / 3 / ,0 < < 1N N


 =

( )0* min / ,0.5p p N N=
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Discussion : other criteria

• Killeen replication and Lecoutre predictive probabilities
(Lecoutre et al,2010)

• Posterior predictive p value (Gelman et al, 2004)

• Mixture models (Kamary et al, 2018)

• Analysis of credibility (AnCred, Matthews,2018)

• Severe testing (Mayo & Spanos, 2006)
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Conclusion
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Appendix A: Kahneman & Tversky
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Appendix B: Variance components
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Appendix B: Variance components (cont.)
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Appendix B: Variance components/MIVQUE (cont.)
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