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Motivating Example: can we decode Faces?
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Testing Hypotheses

e Isthere information about [mental process] within brain data?
H.:yes there is information  H,: there is no information

e |sit possible to decode stimuli from brain data?
H_: yes, decoding works H,: no, decoding does not work

e Can my classifier discriminate the category of the stimulus?
H..yes it can H,: no it cannot



Overview

Testing Hypotheses
o Classical/Frequentist
m Significance Testing
m Hypothesis Testing
o Bayesian
m Bayesian Hypothesis Testing (BHT)



v Classical / Frequentist

) eyman E.Pearson

\
H.Jeffreys I




Ronald Aylmer Fisher (1890-1962)




I R.A. Fisher: Significance Testing [Fisher, 1955]

Inductive inference: from sample to population.

The Fisher’s recipe

Set up Hy, the null hypothesis to be disproved with the experiment.

Choose a way to summarize of the data into a number, the test statistic T.
Derive the null distribution p(T; Hyp)

m Analytically.
m By resampling.

Execute the experiment, collect the data and compute the actual value ( Tops).
Report the p-value = p(T > Tops; Hp) as a measure of evidence against Hy.
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Fisher's Significance Testing: Example

Null Hypothesis H,:the classifier predicts at -
chance level” 0.12}
Test Statistic T = the number of correct 0.10/

predictions c (test set size: n = 40).

Null Distribution p(c;n=40,p = 1) = 4
= Bin(c;n=40,p= 1)

Experiment result: c,,s = 28.

p-value = p(T > 28;n=40,p = }) =
= %0 ¢ Bin(T = t;n=40,p = }) = 0.008

__Bin(¢e;n=40,p ‘:%) '

[ BN ]
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Fisher: Interpretation of the p-value

Interpretation:
m A low p-value means that Hy may not be a good model.
m If Hy is rejected, nothing is said about what should be accepted.

Fisher R.A., Statistical Methods for Research Workers, 1958

“Personally, the writer prefers to set a low standard of significance at the 5
percent point...”
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I Jerzy Neyman(1894-1981), Egon Pearson(1895-1980)




I J.Neyman-E.Pearson: Hypothesis Testing

Inductive behaviour. adjusting behaviour under limited information

Neyman-Pearson recipe

Set up two complementary hypotheses: Hy (null) and H; (alternative).
Choose a way to summarize of the data into a number, the test statistic T.
Derive/obtain p(T; Hp) and p(T; H;)
Decide a = p(reject Hy; Hp true). Decide n (sample size). Compute
B = p(reject Hy; Hy true).
Compute the for rejection region(s) R for T.
A Run the experiment and compute the observed Tgps.
Reject Hy and accept H; if Tops € R. Or viceversa.

= ICT
D(ii%%%%%%&%%m [Neyman and Pearson, 1933, Lehmann and Romano, 2005]



Neyman-Pearson: Example

Ho:‘the classifier predicts at chance level”
Hi: :“the classifier predicts better than chance level.”

T = the number of correct predictions c.

0.14

Ho: Bin(c;n=40,p = 1)
Hy: Bin(c; n = 40, pmLe = 0.7) H, H,
o B | Re>

0.215 | 0.032 | 23 ol
0.134 | 0.063 | 24 oo

0.077 | 0115 | 25 0.04]

0.040 | 0.193 | 26 00l

0.019 | 0.297 | 27 - ‘-..,ﬂ It
Rejection region R = {¢ > 26}. " Correct predictions (&)

A Experiment: cops = 28.
Report: Hy rejected (o« = 0.04, 5 = 0.193, power=0.807).



The Anonymous Hybrid (~1950- today




I The anonymous hybrid: Fisher + Neyman-Pearson

Anonymous Hybrid’s recipe

Set up the null hypothesis Hy, choose T and get p(T; Hp).
Choose a threshold o = p(reject Hy; Hy true), typically o = 0.05
Run the experiment and compute the p-value under Hj.

If p-value < «, then:

m Reject H, and accept Hj.
m Report the result as significant with p-value < «

Issues [Goodman, 2008]:
m o without S tells very little.
m What is Hy?

mp#£L?
m The binomial model is not correct?



The anonymous hybrid: Ei

Anonymous Hybrid’s rg

Set up the null
Choose a thr:
Run the exp

If p-value <

m Reject /
m Report it

Neyman-Pearson

as significant witi.

Issues [Goodman, -
m o without 3 tells v
m What is Hy?

mp#£L?
m The binomial model is not correct?



Bayesian Hypothesis Testing




H.Jeffreys: Bayesian Hypothesis Testing

Bayesian recipe [Jeffreys, 1961, Kass and Rafter

Set up two (or more) mutually exclusive hypotheses: H; and Ho.
Quantify prior probabilities p(H;) and p(H-) from current knowledge.
Model the likelihood of the data: p(data|H,), p(data|H>).

Run the experiment and collect data.

Compute the posterior probability

p(data|H;)p(H;)

PUFICRta) = o GatalH, o(Fh) + p(datalH2)p(H)

A Report the posterior probabilities (or Bayes Factor).
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H.Jeffreys: Bayesian Hypothesis Testing

Bayesian recipe [Jeffreys, 1961, Kass and Rafter

El Set up two (or more) mutually exclusive hypotheses: H; and Ho.

B Quantify prior probabilities p(H;) and p(H.) from current knowledge. \’\5
El Model the likelihood of the data: p(data|H;), p(data|H>). N\P\

Run the experiment and collect data.

Compute the posterior probability

S
p(Hi|data) = p(data|H;)p(H,) '\:\N\P:‘\’\

- p(data|H)p(Hy) + p(data| Hz)p(Hz)

A Report the posterior probabilities (or Bayes Factor).



H.Jeffreys: example
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Hypotheses:

m H;: “the classifier predicts at chance level”
m H>: “the classifier predicts better than chance level”

Prior: p(H;) = 0.5, p(H,) = 0.5
Data Likelihoods:
m H;: p(c) =Bin(cln=40,p =0.5)
m H>: p(c) =Bin(cln=40,p =)
p(7) = Uniform(7|0.5, 1)
Run experiment and get the data: c,ps = 28
Posteriors:

m p(H;|data) = 0.049
m p(H:|data) = 0.951



How to compute the posterior probabilities?

m Prior: p(H;) =0.5, p(H>) = 0.5
m Compute the data likelihood:
m p(data|H;) = Bin(c =28|n=40,p = 0.5) = 0.005

p(data|H,) = /Bin(C|n = 40, p = ) Uniform(7|0.5,1)dr =
&

= ...[Monte Carlo]... = 0.097
m Compute the posteriors:

B data| Hy)p(H B
m p(Hi|data) = sammipc ralrErE) = 0-049

B (data]Ho)p(H) B
m p(He|data) = sammmhac) aalrsrs) = 0-951
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How to compute the posterior probabilities?

m Prior: p(H;) =0.5, p(H>) = 0.5
m Compute the data likelihood:
m p(data|H;) = Bin(c = 28|n=40,p = 0.5) = 0.005

p(data|H,) = /Bin(C|n = 40, p = ) Uniform(7|0.5,1)dr =
&
= ...[Monte Carlo]... = 0.097

p_data_given_H2 = 0.0
O Compl- for 1 in range(10000):
pi = uniform(low=0.5, high=1.0)
I p( p_data_given_H2 += binom.pmf(28, 46, pi) * 1.0 / (1.6 - 0.5)

' p_data_given_H2 = p_data_given_H2 / 160000
mp(
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Take-home message

m There is more than one way to test hypotheses.

m Learning about the different frameworks is very
interesting: [Christensen, 2005, Berger, 2003].
m Which hypothesis framework then?

m Long debate...
m My opinion: use Bayesian.
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Take-home message

m There is more than one way to test hypotheses.

m Learning about the different frameworks is very
interesting: [Christensen, 2005, Berger, 2003].

m Which hypothesis framework then? \L

m Long debate...
m My opinion: use Bayesian. $
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Bayesian Concepts

m p(X) = my degree of belief/lknowledge in X.

m Everything is a random variable, including distribution’s
parameters and hypotheses.

m Prior probabilities must be defined.
m The Bayesian approach provides a belief calculus.
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H.Jeffreys: example

Hypotheses:

m Hi: “the classifier predicts at chance level”

m H.: “the classifier predicts better than chance level”
Prior: p(H;) = 0.5, p(H,) = 0.5
Data Likelihoods:

m Hi:c~Bin(n=40,p=0.5)

m Hx:c~Bin(n=40,p =)

7 ~ Uniform(0.5, 1)

Run experiment and get the data: cyps = 28

Posteriors:
m p(H;|data) = 0.049
m p(H:|data) = 0.951

Bayes Factor: BF»; = %:{fﬁg —19.14



How to interpret the Bayes Factor?

From [Jeffreys, 1961, Kass and Raftery, 1995]

BF21 Evidence
<1 Negative (supports H,)
1103 Bare Mention
3to10 Substantial
10 to 30 Strong
30 to 100 Very Strong
> 100 Decisive

p-value=0.05 « BF,, 2.5-3.4
=1 e p-value=0.005 « BF,, 14-26 [Benjamin et al. 2017]
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Another Example: can we decode short video-clips from MEG?

ARTIFICIAL




How do we interpret this decoding result?

True

CENTER FOR COMMUNICATION

Predicted

Art. | Nat. | Foo. | Bean | Cha.
Art. 56 55 36 3 0
Nat. 30 96 21 4 0
Foo. 33 22 46 1 0
Bean | 4 3 3 95 20
Cha. 1 0 0 11 113

124 176 106 114 123

150
151
102
125
125



How do we interpret this decoding result?

True

Predicted
Art. | Nat. | Foo. | Bean | Cha.
Art. 56 | 55 36 3 0 150
Nat. 30 | 96 21 4 0 151
Foo. | 33 | 22 46 1 0 102
Bean | 4 3 3 95 20 | 125
Cha. 1 0 0 11 113 | 125
124 176 106 114 123
p({{Art.},{Nat.},{Foo.},{Bean}, {Cha.}}|N) = 0.735
Bayesian p({{Art., Foo.},{Nat.},{Bean},{Cha.} }|N) = 0.264
Hypohesis p({{Art., Nat.}, {Foo.},{Bean},{Cha.}}|IN) = 0.001
Testing p({{Art., Nat., Foo.}, {Bean}, {Cha.}}|N) ~ 1010
p(

CENTER FOR COMMUNICATION

{{Art.,Nat., Foo.},{Bean, Cha.} }|N) ~ 10—40
... (52 hypotheses) ...

[Olivetti et al., 2012, Olivetti, 2020]



