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Why Teach Bayesian?

e Bayesian is valuable in real
applications; sought by researchers

e Bayesian is easy to teach; easier than
frequentist

e Bayesian clarifies frequentist ideas
- Bayesian should be in curriculum



Bayesian is Valuable in Real
Applications

Examples from personal experience:

v" in quadratic logistic regression, need credible
interval on the position of the nadir of parabola

v need simultaneous estimation of regression
coefficients and latent scale values of items
(with credible intervals) for end-censored data

v" need models for unbalanced designs, with
empty cells, heterogeneous variances, outliers,
in customized hierarchical structure

v need variety of customized, specialized trend
models, w. credible intervals on all parameters

All are straight forward in Bayesian.
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Bayesian is Sought by Researchers

45 workshops with audiences of working professionals
and graduate students from
e academia (econ, educ, climate sci, bio, cognitive sci, etc.)
» business and industry

(retail sales, charitable giving, food production, etc.)
e government

(human factors @FAA, survival analysis @FDA, etc.)
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Bayesian is Easy to Teach
(and easier than frequentist)

e [ was initially driven to Bayesian by

aversion to teaching frequentist
(and experienced extraordinary research
usefulness later)

e ['ve taught frequentist and Bayesian
courses separately for years...

hhhhhhhhhhhhhhhhhhh



A Tale of Two Courses

~Frequentist | Bayesian



A Tale of Two Courses

~Frequentist __Bayesian

Fundamental concepts: data and models



A Tale of Two Courses

Frequentist | Bayesian

Fundamental concepts: data and models

Generalized Linear Model:

dependent variable types
metric, dichotomous, nominal, ordinal, count.



A Tale of Two Courses

Frequentist | Bayesian

Fundamental concepts: data and models

sampling distrib’s, = Bayesian re-allocation
p values, of credibility across
confidence intervals, @ parameter values,

test & stop intentions MCMC representation

Generalized Linear Model:

dependent variable types
metric, dichotomous, nominal, ordinal, count.
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Bayesian Clarifies Frequentist Ideas

“The p value is not the probability of the null
hypothesis!”

“What is?”
Answer from Bayesian...
Aha: The pvalue is about /imaginary data.

“The 95% confidence interval is not the range of
most probable values!”

“What is?”
Answer from Bayesian...
Aha: The CI is about not-rejected values.

hn K. Kruschke, 2019



Why Teach Bayesian?

e Bayesian is valuable in real
applications; sought by researchers

e Bayesian is easy to teach; easier than
frequentist

e Bayesian clarifies frequentist ideas
- Bayesian should be in curriculum



How to Include Bayesian?

e Replace stand-alone frequentist course?

No: frequentist methods are entrenched, and do
address the issue of error rates.

e Add optional stand-alone Bayesian course?

No: students won't take it and instructors won't prep it.
e Add required stand-alone Bayesian course?

No: won't be required any time soon.
e Any separate courses?

No: Juxtaposition can clarify both approaches.

- Inject Bayesian+frequentist into existing
courses

© John K. Kruschke, 2019
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How to Inject Bayesian+Frequentist
into Existing Courses

Need: A module that

is self-contained (minimizes teacher prep)

has a complete tutorial explaining
Bayesian and frequentist analyses

has interactive software (browser-based,
no installation needed)

has interactive exercises

has clear learning objectives and
assessment

Accompllshed by new Shiny App

KKKKKKKK
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Overview of the Shiny App

http://www.indiana.edu/~kruschke/

John K. Kruschke Home App Book Pub's Teach More~

The Shiny App: Bayesian and Frequentist
Side by Side

This is an interactive web app for doing Bayesian and frequentist analysis side by side. An extensive tutorial
guides you through all the interactive capabilities. You get to see the different information delivered by Bayesian
and frequentist analyses. You get to see the different information delivered by parameter estimation with
uncertainty versus hypothesis testing. You get to interactively experience the dependencies of the analyses on
different assumptions.

The Shiny App: Frequentist and Bayesian Side by Side (external site)

purameyeharik Analysis: Frequentist | Bayesian |
sy . -

- e o 4 1
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Screen Layout of the App

Frequentist Bayesian

Data

specification

hhhhhhhhhhhhhhhhhhh



Screen Layout of the App

Frequentist Bayesian

Data

specification

Estimate
with
Uncertainty

Null
Hypothesis
Test

© John K. Kruschke, 2019
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Why teach hypothesis testing
and estimation with uncertainty

* They have different goals:
« Hypothesis testing seeks decision
regarding a specific hypothesis.
 Estimation with uncertainty seeks
description of data with
precision.
« Hypothesis testing is traditional and

ubiquitous

« but has issues (e.g., cognitive trap of
“black and white thinking”).

 Estimation with uncertainty is

encouraged by best practices (e.g.,
ASA Statement, Am. Stat. Beyond p<.05)

* Juxtaposition
clarifies both.
« Estimation w.
uncertainty is
more intuitive
and easier to

teach.

« App’s default
view has no
hypothesis
tests!

© John K. Kruschke, 2019




Simultaneous info for all analyses

Frequentist Bayesian

Data

specification

(

Estimate
with v <> v
Uncertainty

Null
Hypothesis v <> v
Test

hhhhhhhhhhhhhhhhhhh



Interactive controls for assumptions

Fre tist B lan
£ =D <=5
specification
=>

Estimate
with v v
Uncertainty
G —
— >
Hypothesis v v

Test
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Observe all influences simultaneously

Frequentist Bayesian

specification

Null m—C)

Hypothesis v 4
Test

hhhhhhhhhhhhhhhhhhh



Observe all influences simultaneously

Frequentist Bayesian

specification

)
Estimate

with v v
Uncel‘tainyv/v

— )
Nl "
Hypothesis v 4

Test
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Observe all influences simultaneously

Frequentist Bayesian

Data O e
specification
)
Estimate
with v
Uncertainty
— )
Null
Hypothesis v 4

Test
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Application: Translate situation to settings

=
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Intended Learnmg Outcomes

Data

specification

3 maxi ‘
S Aee 'kel 00

Frequentist Bayesian
= )

efjor

oith v gugon with
Uncestainty-. cophdence interva ﬁ Hensity

g A
Null
Hypothesis pvalue
Test

intefval (HDI)

Bayes factor &
posterior prob’s

In-depth understanding

of frequentist and

Bayesian analyses and

their inter-relation.

Achieved interactively by
manipulating the sliders,
watching what happens,

and figuring out why.

© John K. Kruschke, 2019

In-depth understanding
of how to apply to real
situations.

Achieved interactively by
translating situation to
settings of the sliders. The
app makes explicit what info
needs to be found.
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Assessing Learning Outcomes

Frequentist Bayesian
Data ques W

specification

Bayes factor &
posterior prob’s

Hypothesis pvalue
Test

Be able to predict the
qualitative effect of
every slider and
button on the results
in every cell of the
table, and explain
why.

© John K. Kruschke, 2019

A

Be able to set the
sliders appropriately
to reflect real-world
scenarios, and explain
why.
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Extensive Online Tutorial

Getting oriented

Core structure of the app
Interactive sliders
Learning objectives
Layout of the app
Organization of this tutorial
Opening the Shiny App
Data
Analysis Model
Frequentist estimation

Bayesian estimation and
uncertainty

Hypothesis Testing
Bayesian hypothesis testing
Frequentist hypothesis testing

Frequentist uncertainty: The
confidence interval (Cl)

Which analysis when?
Mastery of learning objectives

Next steps

Getting oriented

This tutorial guides you through a Shiny app that puts frequentist and Bayesian
analysis side by side.

This tutorial is best viewed in a wide window so the dynamic table of contents
(TOC) appears on the left of the text. With the TOC visible, you can click in it to
navigate to any section you like. In a narrow window, however, the TOC appears at
the top of the screen and disappears when you scroll down.

Core structure of the app

The app is organized as a 2 X 2 table: There is one column for frequentist
analysis and a second column for Bayesian analysis; there is one row for
estimation with uncertainty and a second row for null hypothesis tests. The
cells of the 2 X 2 table indicate the typical information provided by each type of
analysis, as noted in the figure below:

Frequentist Bayesian
Data
specification
Estimate maximum likelihood  Postlor.
2 . h distribution with
with estimate (MLE) with Righiest deissiey

Uncertainty confidence interval (CI) interval (HDI)

Null Bayes factor &
Hypothesis pvalue posterior
Test probabilities

The app’s 2 x 2 table of analyses.

© John K. Kruschke, 2019
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Interactive "Try It!” Exercises

Try It!

Getting oriented
For these exercises, leave the prior distributions broad (as they

Opening the Shiny A
pening the ShinyApp are by default when the app is invoked).

Data

Analysis Model Try It!

_ o Manipulate the data sliders and watch the effect on
Frequentist estimation the posterior distribution.

Bayesian estimation and Data: Wi ek reT owl
Uncertainty ;;IEZZ::"“ A T‘m;nu " e, pls)

Decision using ROPE and HDI ‘

™ S
e

Postenor, plu [ D)
u.:" 30 moge=110.8
Hypothesis Testing 1008 s

Posterior, pa | D)
mode =208

V5% HUL
148 304
. . . [ e R
Frequentist hypothesis testing . °
L WAL Null Hyp. Test —

Bayesian hypothesis testing -

Frequentist uncertainty: The

sontidence. tervel (1) « Slide the data mean to a different value and watch the posterior

mode of u. The posterior mode of y should be close to the data
Mastery of learning objectives mean. This makes sense because credible values of p should be
Next steps near the data mean when there is not strong prior information to
suggest otherwise.

Which analysis when?

» Slide the data standard deviation to a different value and watch

= — P

© John K. Kruschke, 2019
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A Tour of the Shiny App

roystoncartoons.com
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Important: For a
tutorial click here.

Data:

Specif ta
charactefstics
below.

Data: Mean
70 111 130
CEEE—

Data: SD

75 [20] 30

[e—
Data: Sample Size
5 B 50

Data

0 200

50 100
Data Value

Shiny app by John K.
Kruschke, 2019.

© John K. Kruschke, 2019

Ordering of topics

Analysis:

Frequentist |

Bayesian |

Stop Intention: Poisson Typical N H: Prior Mode & SD Prior, p()
Model is normal distribution with 0 fixed N 5 50 70 130
t do. o c—
 m ltlzr;elcof Data ® random N 075 ) 300
(Poisson) - =
pr— 60 80 M 120
= O Prior Mode & SD Prior, p(c)
75 30
0 , o
0 s%atg({/%lue 200 0.75 m 300
n
P — 10 20 030 0 50
Posterior, p(u | D)
i : mode x 111
Estimate with M
Uncertainty — ' 100.6 1214
95% CI: 10 21.7 120 140

MLE = maximum likelihood estimate.

Cl = confidence interval: the range of osteri | D)
parameter values not rejected. M 20 mode=20.7
HDI = highest density interval. o 1
95% Cl:46.24 , 31.35 95% HD
40 50
Null Hyp. Test — P(dnyp>dops|Hlintent) = 0.022 * H Null Model Prior Prob Y BF puy = 1.91.
Tastintention: Null Hyp po Value corrected alpha = 0.025, 0 m 1 Post prob mu null
70 130 dy = (My-Ho)/sy, i stop intent's el =0.66
() none
c— - . =
) mu only T P(VThyp>Vrod ‘m tent) 29.019 @ Null Model Prior Prob \ ClFnu = 1.52.
. corrected®pha = 0.025, 0 (0.5] 1 Post prob sigma null
() sigma only 75 m 30
vry = 5,.2/002, intent = stop & test intent's — model = 0.6

@ muand sigma e
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Important: For a
tutorial click here.

Data:

Speci ta
charactglstics
below.

Data: Mean
70 111 JRED)
O—

Data: SD

7.5 [20] 30

Data: Sample Size

s @ 50

Data

0 50 100 150 200
Data Value

Shiny app by John K.
Kruschke, 2019.

© John K. Kruschke, 2019

1. The Data

Analysis:

Model is normal distribution with
parameters p and o.
Model of Data

6 50 100 150 200
Data Value

Estimate with
Uncertainty —

MLE = maximum likelihood estimate.
Cl = confidence interval: the range of
parameter values not rejected.
HDI = highest density interval.

Null Hyp. Test —

Test Intention:
® none
mu only
sigma only

mu and sigma

Frequentist |

7
MLE: 111

95% CI: NA, NA

(o}
MLE: 20
95% CI: NA, NA

Bayesian |

M: Prior Mode & SD Prior, p(u)
70 [100) 130
[SE——
1 90 300
60 80 " 120
o Prior Mode & SD Prior, p(o)
G 15 | 30
o
1 90| 300
_ 10 20 030 40 50

Posterior, p(u | D)

mode=.110.8
95% HDI
100.6 121.5
60 80 1ﬁo 120 140

Posterior, p(c | D)
mode =20.9

95% HDI
30.4

10 20 30 40
(¢}

50

30
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1. The Data

Data:

Specify data
characteristics
below.

Data: Mean

Try It! 70 130

Watch the effect
of the data sliders |
on the data
histogram.

0 50 100
Data Value
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Important: For a
tutorial click here.

Data:

charactg@stics
below.

Data: Mean
70 111 JRED)
O—

Data: SD

7.5 [20] 30

Data: Sample Size

s @ 50

Data

0 50 100 150 200
Data Value

Shiny app by John K.
Kruschke, 2019.

© John K. Kruschke, 2019

Speci ta 2

2. The Model

Analysis:

Model is normal distribution with
parameters p and o.
Model of Data

6 50 100 150 200
Data Value

Estimate with
Uncertainty —

MLE = maximum likelihood estimate.
Cl = confidence interval: the range of
parameter values not rejected.
HDI = highest density interval.

Null Hyp. Test —

Test Intention:
® none
mu only
sigma only

mu and sigma

Frequentist |

7
MLE: 111

95% CI: NA, NA

(o}
MLE: 20
95% CI: NA, NA

Bayesian |

M: Prior Mode & SD Prior, p(u)
70 [100) 130
[SE——
1 90 300
60 80 " 120
o Prior Mode & SD Prior, p(o)
G 15 | 30
o
1 90| 300
_ 10 20 030 40 50

Posterior, p(u | D)

mode=.110.8
95% HDI
100.6 121.5
60 80 1ﬁo 120 140

Posterior, p(c | D)
mode =20.9

95% HDI
30.4

10 20 30 40
(¢}

50

32
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2. The Model

Model iIs normal distribution with
parameters y and o.
Model of Data

K 4
0 50 100 200
Data Value

33



A modelis
a data-
generating
machine
with control
knobs
called

parameters.

© John K. Kruschke, 2019

2. The Model

location (u)
spread (o)

34
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location ()

2. The Model

Probability Density

spread (o)

Probability Density

0.01 0.02 0.03 0.04

0.00

0.01 0.02 0.03 0.04

0.00

Normal distribution with n=90, =10

I I I T I
60 80 100 120 140

Data Value

Normal distribution with u=111, =20

T T T T T
60 80 100 120 140

Data Value
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3. Frequentist (point) Estimation

Important: For a
tutorial click here.

Frequentist | Bayesian |

Analysis:

j: Prior Mode & SD Prior, p(u)
Model is normal distribution with 70 100 130
parameters p and o. c—
D at 3 Model of Data 1 90 300 pe— -
- S T
Speci ta o Prior Mode & SD Prior, p(c)
charactegstics 75 (B 30
below'i ==
Bata: Mean s%at;%)a'u?o = - e
70 111 JRED — 2
o
Posterior, p(u | D)
Bata; 2D mode=110.8
75 B = Estimate with H
a——m . MLE: 95% HDI
Uncertainty — : 100.6 121.5
Data: Sample Size 95% Cl: A 60 80 1&0 120 140
5 m 50 MLE = maximum likelihood estimate. =
p— Cl = confidence interval: the range of ) Posterior, p(G I D)
parameter values not rejected. MLE: 20 mode =20.9
Data HDI = highest density interval. 95% CI: NA , NA A
0.4
10 20 30 y 50
(o}

0 50 100 150 200
Data Value

Null Hyp. Test —
Test Intention:
® none
mu only
sigma only

Shiny app by John K.
Kruschke, 2019.

mu and sigma

© John K. Kruschke, 2019



3. Frequentist (point) Estimation

Normal distribution with u=90, =10

Probability Density
0.02 0.03 0.04

0.01

0.00

[ T T T |
60 80 100 120 140

Data Value

Normal distribution with =111, 6=20

il

60 80 100 120 140

Probability Density
0.02 0.03 0.04

0.01

0.00

Data Value

© John K. Kruschke, 2019

H
MLE: 111

95% CI: NA, NA

o
MLE: 20
95% CI: NA , NA
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3. Frequentist (point) Estimation

Try It!
Manipulate
the data
sliders and
watch the
MLE’s.

© John K. Kruschke, 2019

Model o? Data

Data:

Specify data
characteristics
below.

G50 100 150 200
Data: Mean Data Value

70 111 JREN

Data: SD
75 (20 30

Data: Sample Size
MLE = maximum likelihood estimate.

5 B 50
Cl = confidence interval: the range of
parameter values not rejected.
Data HDI = highest density interval.

Null Hyp. Test —

650 100 150 200
Data Value

1]
MLE: 111

95% CI: NA, NA

)
MLE: 20
95% CI: NA, NA

38



Important: For a
tutorial click here.

4. Bayesian Estimation

Analysis:

Frequentist |

Bayesian |

j: Prior Mode & SD Prior, p(u)
Model is normal distribution with 70 100 130
parameters p and o. —)
D at 3 Model of Data 1 90 300 pe— -
= = T

Speci ta o Prior Mode & SD Prior, p(c)
chara(':’wincs 75 (B 30

below

| C—
Data: Mean s%at;q})aluleso - 1 @ . 10 20 30 40 50
70 111 JREN) =
O—
Posterior, p(u | D)
Data: SD . ) mode = 110.8
75 B = Estimate with H
. O
D Uncertainty — b cin B, 5 "ot 5
Data: Sample Size 95% Cl: 120 140
5 m 50 MLE = maximum likelihood estimate.
Cl = confidence interval: the range of o osteri I D)
parameter values not rejected. MLE: 20 mode =20.9
Dat HDI = highest density interval. "
ata 95% Cl: NA , NA 95% HDI
30.4
10 20 30 40 50
o

0 50 100 150 200
Data Value

Null Hyp. Test —
Test Intention:
® none
mu only
sigma only

Shiny app by John K.
| Kruschke, 2019.

mu and sigma

© John K. Kruschke, 2019
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Two Foundational Ideas of
Bayesian Reasoning

. Bayesian reasoning is re-allocation of

credibility across possibilities.

. The possibilities are parameter values in a

mathematical model of data.



John K. Kruschke, 2019

Bayesian reasoning is re-allocation
of credibility across possibilities.

Sherlock Holmes: “How often have | said

to you that when you have eliminated the
impossible, whatever remains, however
improbable, must be the truth?”

(Doyle, 1890)



Prior

Credibility
00 02 04 06 08 1.0

A B C D
Possible Suspects
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Prior

Credibility
00 02 04 06 08 1.0

A B C D
Possible Suspects

Posterior

Ais
impossible

Credibility
00 02 04 06 08 1.0

A B C D
Possible Suspects
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Prior

Credibility
00 02 04 06 08 1.0

A B C D
Possible Suspects

Posterior

Ais
impossible

Credibility

o
-
©
o
@
o
=
o
N
o
e
o

A B C D
Possible Suspects

Credibility
0.0 02 04 06 08 1.0

Prior

A B C D
Possible Suspects
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Prior Prior

Credibility

00 02 04 06 08 1.0
Credibility

00 02 04 06 08 1.0

A B C D " A B C D
Possible Suspects Possible Suspects
Posterior Posterior
- | Als ~| Bis
2~ |impossible £~ |impossible
5 S 5 ST
T <« T <«
O s O s
O N O N
° A B C D ° A B C D

Possible Suspects Possible Suspects
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Prior

Credibility
00 02 04 06 08 1.0

A B C D
Possible Suspects

Posterior

Ais
impossible

Credibility
00 02 04 06 08 1.0

A B C D
Possible Suspects

Credibility
0.0 02 04 06 08 1.0

Credibility

o
-
@
o
©
o
s
o
N
o
e
(=)

Prior

A B C D
Possible Suspects

Posterior

Bis
impossible

A B C D
Possible Suspects

Credibility

0.0 02 04 06 08 1.0

Prior

A B C D
Possible Suspects

John K. Kruschke, 2019
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Prior Prior Prior

Credibility

00 02 04 06 08 1.0
Credibility

00 02 04 06 08 1.0
Credibility

00 02 04 06 08 1.0

A B C D " A B C D " A B C D
Possible Suspects Possible Suspects Possible Suspects
Posterior Posterior Posterior
- | Als ~| Bis -| Cis
2~ |impossible £~ |impossible £~ | impossible
5 S 5 ST 5 ST
T <« T <« T <«
O s O s O s
@) o~ o o O N
° A B C D ° A B C D ° A B C D

Possible Suspects Possible Suspects Possible Suspects
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Two Foundational Ideas of
Bayesian Reasoning

1. Bayesian reasoning is re-allocation of
credibility across possibilities.

2. The possibilities are parameter values in a
mathematical model of data.

John K. Kruschke, 2019



The tendency of a coin to come up heads

Data values: (5 M)
y=1 for “heads” and y=0 for “tails”

The tendency for heads is the gl\
\
$
S

value of the parameter O:

p(y=1]10)=6
N



0.20
I I J

0.10
|

Credibility

0.00
L

Prior

0 03 07
0

1
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11 discrete

candidate values
for O
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Prior

0.20
I I J

Credibility
0|10

"0 03 07 1
0
Posterior
o | y=1
=1 (1H,0T)

Credibility
0.10

0.00
L

0 03 07 1
0
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0.20
I I J

Credibility
0|10

0.00
L

0.20
|

0.10
|

Credibility

0.00
L

Posterior

Prior

0 03 0.7

y=1

(1H,0T)

0 03 07
0

1

1

0.20
I I J

Credibility
O;IO

0.00
L

Prior

0 03 07
0

1
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0.20

0.10

Credibility

0.00

Credibility
0.10 0.20

0.00

Prior

0 03 0.7
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y=1

(1H,0T)

0 03 07
0

1

1

0.20

0.10

Credibility

0.00

Credibility
0.10 0.20

0.00

Prior

0 03 0.7

Posterior
y=0
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0 03 07
0

1

1
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Credibility
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0

1

1
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Credibility
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Credibility

0.00

Credibility
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0.00
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1
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4. Bayesian Estimation

Bayesian |
M: Prior Mode & SD Prior, p(u)
70 (100 130
[S—
1 90 300
S 60 80 u 120
o Prior Mode & SD Prior, p(o)
75 15 30
| S—1
1 (90 300

10 20 030 40 50

Posterior, p(u | D)
mode =~ 110.8

95% HDI
100.6 N21.5

60 80 100 120 140

Posterior, p(c | D)

mode =20.9
95% HDI
14.8 30.4
10 20 30 40 50
o
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4. Bayesian Estimation

M: Prior Mode & SD Prior, p(n)
70 100 130
1 90 300
_ ) 60 80 n 120



4. Bayesian Estimation

Posterior, p(u | D)

95% highest mOde & 1 10 8
density interval :

(HDI): contains the

95% most probable 95% HDI
parameter values. 100.6 121 5

60 80 1 ﬁO 120 140




4. Bayesian Estimation

Try It!
Manipulate the data sliders and watch the effect on

the posterior distribution.
Data: ' hWe'TtData i @7 LGW_J

L i

Specify data o: Prior Mode & SD Prior, p(o)
characteristics 75 (B 30
below. o |

1 90| 300
Data: Mean : 10 20 30 40 50
70 111 JERED / i
=] ! —

Posterior, p(u | D)
Data: SD mode =110.8
—75 o : 2 95% HDI
°
: 100.6 121.5

Uncertainty —

60 80 lﬂO 120 140

Data: Sample Size

MLE = maximum likelihood estimate.

5_m Cl = confidence Interval: the range of o Posterior, p(o | D)
: parameter values not rejected. MLE: 20 mode ~20.9
Data HDI = highest density interval. 95% Cl: NA ) NA 95% HDI
(-]
14.8 30.4
, 10 D 0
[
0 50100 150 200 Null Hyp. Test —
Data Value

Notice: Posterior modes track data. HDI is narrower for smaller SD, & for larger N.

© John K. Kruschke, 2019 59



4. Bayesian Estimation

Try It!

Manipulate the prior
distribution sliders and
watch the effect on the
posterior distribution.

Bayesian |

M: Prior Mode & SD

0 @
1 90}

o }
O Prior Mode & SD

2 15 |
L
(90)

1
_.,/‘

Prior, p(p)

Posterior, p( | D)

mode =110.8

95% HDI

100.6 121.5

80

100 130 140

Posterior, p(c | D)
mode =20.9

95% HDI
8 30.4

20

30

o

Notice: Any broad prior has minimal influence on posterior.

© John K. Kruschke, 2019
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What If There Were No Significance Tests?

Important: For a
tutorial click here.

Data:

Specify data
characteristics
below.

Data: Mean
70 111 KD

Data: SD

75 30
q/)
Data: Sample Size
s B

Data

50 100 150 200
Data Value

50

Shiny app by John K.
Kruschke, 2019.

© John K. Kruschke, 2019

Analysis:

Model is normal distribution with
parameters p and o.
Model of Data

0 50 100 150 200
Data Value

Estimate with
Uncertainty —

MLE = maximum likelihood estimate.
Cl = confidence interval: the range of
parameter values not rejected.
HDI = highest density interval.

Null Hyp. Test —

Test Intention:
e/ none

. mu only
__ sigma only

. mu and sigma

Frequentist |

u
MLE: 111

95% CI: NA, NA

o
MLE: 20
95% CI: NA, NA

Bayesian |

p: Prior Mode & SD Prior, p(u)
70 100 130

—D

1 B 300

(:D 60 80 M 120

o Prior Mode & SD

Prior, p(c)

75 30

1 é 300

®

Posterior, p(u | D)
mode=110.7

5% HDI

100.3 121.3

60 80 1&0 120

Posterior, p(c | D
mode==207p( | )

95% HDI
30.8

10 20 30 40
9

140

10 20 30 40 50
o

50
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Hypothesis Testing

Important: For a -
L |
tutorial click here. Ana Iys Is .
Model is normal distribution with
parameters p and o.
Model of Data

Data:

Specify data S
characteristics
below. u
0 50 100 150 200
Data: Mean Data Value
70 111 130
I
Data: SD
75 (20 S Estimate with

Uncertainty —

Data: Sample Size

5 m 50 MLE = maximum likelihood estimate.
Cl = confidence interval: the range of

parameter values not rejected.

Data HDI = highest density interval.

0 50 100 150 200
Data Value

Null Hyp. Test —
Null Hyp pg Value
70 [ 100 130

o

Null Hyp og Value
sigma only 75 30

[¢] mu and sigma e

Test Intention:

none

mu only

Shiny app by John K.
Kruschke, 2019.

© John K. Kruschke, 2019

Frequentist |
Stop Intention:
e fixed N

random N
(Poisson)

M
MLE: 111

95% CI: 99.11,122.9

(o}
MLE: 20
95% CI: 14.86 , 32.83

p(dhyp>dobs|Ho,intent) = 0.037 n.s.
corrected alpha = 0.025,
dy = (My-Hg)/sy, intent = stop & test intent's

P(Vrhyp>Vrobs|Oo.intent) = 0.03 n.s.
corrected alpha = 0.025,
VI = 5,2/002, intent = stop & test intent's

Bayesian |

M: Prior Mode & SD Prior, p(u)
70 [100) 130
C—
1 90 300
60 80 " 120
o Prior Mode & SD Prior, p(o)
75 8 30
o
1 90 300
10 20 030 40 50

Posterior, p(u | D)

mode=.110.7
95% HDI
100.3 121.3
60 80 1ﬂo 120 140

Posterior, p(o | D
mode=20.7p( | )

95% HDI
30.8

10 20 30 40 50
(¢}

M Null Model Prior Prob  p: BFpy = 1.96.
0 05] 1 Post prob mu null
O model = 0.66

o Null Model Prior Prob  0: BFhy = 1.44.
0 05) 1 Post prob sigma null
o— model = 0.59
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5. Bayesian Hypothesis Testing

Important: For a ~ = =
worial clickhere. IS alys is: Frequentist | Bayesian |
Stop Intention: j: Prior Mode & SD Prior, p(u)
Model is normal distribution with e fixed N 70 [100) 130
parameters p and o. rardomiN —
Model of Data - 1 90 300
(Poisson)
Data ol €0 80 | 120
Speci ta 2 o' Prior Mode & SD Prior, p(c)
charact tlcs 75 B 30
below. ll ==
0 50 100 150 200 1 300
Data: Mean Data Value — & 10 20 30 40 50
70 111 JEEY o
[ —
Posterior, p(u | D)
Data: SD mode=110.7
75 B @ Estimate with u
— ) 95% HDI
Uncertainty — . 100 3 1213
Data: Sample Size 95% CI 99 » 122.9 120 140
5 m 50 MLE = maximum likelihood estimate.
p— Cl = confidence interval: the range of ) Poster I D)
parameter values not rejected. MLE: 20 mode=
Data HDI = highest density interval. 0 4
95% Cl: 14.86 , 32.83 95% I
15.3 30.8
10 20 0 40 50
6. Frequentlst Hypothess Testlng
0 S%at;()\?aluLSO 200 Nu" Hyp' TeSt — — M Null Model Prior Prob : BFhun = 1.96.
Test Intention:  Vull HYP 1o Value 0 (05) Post prob mu null
70 [ 100 130 am—— odel = 0.66
none
fom—
mu only Null Hyp o Value o Null Model Prior Prob Frui = 1.44.
sigma only . - 0 05) 1 Post prob sigma null
Y — model = 0.59
Shiny app by John K. |e] mu and sigma e
Kruschke, 2019.

© John K. Kruschke, 2019



5. Bayesian Hypothesis Testing

Null Hyp. Prior for Mu

ewBis‘nw)d
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5. Bayesian Hypothesis Testing

Null Hyp. Prior for Mu

Alternative Hyp. Prior

ewBis‘nw)d
ewBis‘nui)d
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5. Bayesian Hypothesis Testing

Null Hyp. Prior for Mu

Alternative Hyp. Prior

ewBis‘nw)d

hhhhhhhhhhhhhhhhhhh



5. Bayesian Hypothesis Testing

Try It!
Manipulate the Data sliders, watch the effect on
the BF ,'s and posterior prob’s of the models.

nul

Model of Data =t : ors ) 3000 | |
. Poisson
Data ( ) 8 8 | 120
Specify data O Prior Mode & SD Prior, p(c)
characteristics 75 B 30
below. VAT ===
50 100 200 075 300
Data: Mean %ata?lalue m 10 20 30 40 50
om— G
70 111 JRE
Posterior, p(u | D)
Data: SD modé’s 111
75 (20} 30 d
e , 95% HDI
MLE: 111 100.6 121.4
Data: Sample Size 95% Cl: 100.3, 121.7 60 80 100 120 140
5 18] 50 MLE = maximum likelihood es! ~
p— Cl = confidence interval: the range (o Posterior, p(o | D)
parameter values not rejected. MLE: 20 mode=20.7
HDI = highest density interval.
Data e :15.24 , 31.35 95% LB
| 152 30.4
':] 10 20 30 a0 50
. (o3
_J
| -
i b
¢ BV Null Hyp- Test — P(dhyp>dopslig.intent) = 0.022 * | Null Model Prior Prob 2 BF = 1.91.
restintertiont Null Hyp pp Value corrected alpha = 0.025, 1 Post prob mu null
70 m 130 dy = (My-po)s,. intent = stop & test intent's model = 0.66
() none
= > intent) = 0.019 * O Null Model Prior Prob  0: BFpyy = 1.52
) mu only Null Hyp 0, Value P(Vrhyp?Vlops|Og,in " : ull Model Prior Prol . BFpun -52.
 sigma only % m " corrected alpha = 0.025, ) (05] 1 Post prob sigma null
- - vry = 8,710, intent = stop & test intent's c— model = 0.6
Shiny app by John K ¢y Muand sigma em—
Kruschke, 2019,

Notice: When data mean is close to ug then BF,, is greater than 1.0; efc.

© John K. Kruschke, 2019



5. Bayesian Hypothesis Testing

Try It!

Manipulate the prior probability of the null model

and watch the effect on the posterior probability of
the null model.

"M Null Model Prior Prob : BFpup = 1.91.
0 m 1 JPost prob mu null
P — model = 0.66

Notice: BF,y, is shift of prob, not the posterior prob of null.

© John K. Kruschke, 2019
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5. Bayesian Hypothesis Testing

Try It!

Manipulate the

K Prior SD

and watch the effect
on the Bayes factor

(and on the posterior
HDI).

H Null Model Prior Prob H: BFpu = 1.91.
0 (0.5) SR CPTO DT
— model = 0.66

H: Prior Mode & SD Prior, p(u)

70 m 130
L
[/ 90 | 300
G 120
O Prior Mode & SD , p(o)
75 B 30
=)
ors ) 300
—— 10 20 40 50
Posterior, p(u | D)
mode = 111
95% HDI
100.6 121.
60 80 100 120 140
K
Posterior, p(c | D)
mode=20.7

95% HDI
15,2

s e——
10 20 30 50
G

Notice: BF, is strongly affected by SD of prior (but HDI is not).

© John K. Kruschke, 2019
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5. Bayesian Hypothesis Testing

% Try It!

r3 N ;

¢ \ Set the sliders to represent
% @ situational information.

) €

g
L

ortant: For a
click here

AnalUsis. Frequentist | Bayesian |

Stop Intention:  Poisson Typical N J: Prior Mode & SD Prioe. plu)
Model is normal distribution with o s 8 L m 19
parameters pand o ® rando ——=u —

Model of Data o @ w
500) b ——
/) = LA

Rata:
PRy data
k eristics
Data: Mea

™

0 Prior Mode & 8O Prioe. (o)

1 @3 ®

—=u
o @) %0
R 0 o L -

Posterior, p(j1 | D)

Data: SO : : modés 111
78 @ Estimate with M b
— - MLE: 111 - i
Uncertainty — : 1006 1214
Data: Sample Size Cl:100.3 ,121.7 60 0 0 120 140
5 m 5 * mamum bethood esteate ¥
=y contidence interval the range of o Posterior, p(o | D)
o values rot rejected 20 modg ~207
e premtansy s 95% Cl: 15.20931.35 5% HbI
152 30,4
10 20 30 0 50
o
Bath Vasve Null Hyp. Test — Pldnyp?desylio.intent) = 0,022 * odet Prioc Prob 2 BF puy = 1.91.
Test Intention: Null Hyp pg Value corrected alpha = 0.025, ° + Post prob mu null
A N £ 4, = (Mg, intent = stop & test mtert's PU— model = 0.66
only PIVinyp? Viens|Og,Intent) = 0.019 * O Null Model Prior Prob 02 BF, 1.52
mu hyp” Vlonsi 00, =0 rhor - BF s = 1.52.
| Nu.ll ROy Vaice corrected alpha = 0.025 ° 1+ Post prob sigma null
This Photo by Unknowi Alithor'is ficensed under GC-BY-NDw - comme model = 0.6
worn K .
Kruschie, 2019

Notice: Prior on parameter is not same as prior on null model.

© John K. Kruschke, 2019
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6. Frequentist Hypothesis Testing

Important: For a
tutorial click here.

Data:

Specif ta
charactefstics
below.

Data: Mean

70 111 JIRER

Data: SD

75 [20] 30

O
Data: Sample Size
5 18] 50

Data

0 200

50 100
Data Value

Shiny app by John K.
Kruschke, 2019.

© John K. Kruschke, 2019

Analysis:

Model is normal distribution with
parameters p and o.
Model of Data

G
M
0 50 100 200

Data Value

Estimate with
Uncertainty —

MLE = maximum likelihood estimate.
Cl = confidence interval: the range of
parameter values not rejected.
HDI = highest density interval.

Null Hyp. Test —

TestIntention:  'VUIl HYP Ho Value

70 130
() none )
o
O muonly Null Hyp o, Value
O sigma only 75 m 30

@ muand sigma e

Stop Intention:

O fixed N 5 23] 50 70 130
@ random N

Frequentist | Bayesian |

Poisson Typical N H: Prior Mode & SD Prior, p(p)

075 (1) 300

(Poisson) 50 80 120

K1
Prior, p(c)

O Prior Mode & SD

7.5 15 30
[0k 90 300

10 20 30 40 50
G

Posterior, p(u | D)

mode = 111
3 95% HDI
» 0
MLE: 1006 121.4

95% CI: 10 21.7 120 140

o osteri | D)
mod 0.7
MLE: 20 ™
0 -
95% CI: 15.24 , 31.35 95% HD
40 50
P(dnhyp?dops|Ho,intent) = 0.022 * H Null Model Prior Prob - BFpun = 1.91.
corrected alpha = 0.025, 0 (0.5 1 Post prob mu null
dy = (My-Ho)/sy, i stop ie intent's = el =0.66
P(VIhyp>Vrod tent) =9.019 * O Null Model Prior Prob o G2BF ) = 1.52.
corrected®pha = 0.025, 0 (0.5] 1 Post prob sigma null
vry = 5,.2/002, intent = stop & test intent's — model = 0.6
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6. Frequentist Hypothesis Testing

Hypothesis

A/
[ | | |

|
60 80 100 120 140

Data Value

© John K. Kruschke, 2019

dhyp=-0.42  dpyp=0.05

L L
60 100 140 60 100 140

dhyp=027  dpyp=0.76

Random
Samples
: I 1 1T 1T 1 [T T 1T 1
60 100 140 60 100 140
dhyp:'0.44
_.ad
infinitum
60 100 140

Sampling Distribution

-10 -05 00 05 1.0

72



6. Frequentist Hypothesis Testing

P(Chyp7dobs|Mo.Intent) = 0.022 *
corrected alpha = 0.025,

dy, = (Mmy-Hg)/Sy, Intent = stop & test intent's

P(Vrhyp?Vrobs|Og,Intent) = 0.019 *
corrected alpha = 0.025,

Vry = slecoz, intent = stop & test intent's

© John K. Kruschke, 2019 73



6. Frequentist Hypothesis Testing

Try It!

Manipulate
the data
sliders and
watch the
effect on
the p
values.

(¢) random N =
(Poisson)

Data:

Specify data
characteristi
below.

5 100 200
Data: Mean %ata Value

M
MLE: 111

95% CI: 100.3 , 121.7

18]
[ — o
MLE: 20
Data 95% Cl: 15.24 , 31.35
|
| 5
- —-) i - *
T W TR Null Hyp. Test P(dhyp>dops|Ho,intent) = 0.022
Tast Intantion: Null Hyp po Value corrected alpha = 0.025,
70 100 | 130 dy = (Mye=po)/sy. intent = stop & test intent's
() none
“' L———| .
¢ mu only Null Hyp o, Value P(Vrhyp# Vrobs|Oo,intent) = 0.019 *
~ sigmaonly 2 corrected alpha = 0.025,
2 & m % vry = 5,2/007, intent = stop & test intent's

Shiny app by John K
Kruschke, 2019.

(¢ Mu and sigma e

Notice: When data mean is close to uq then pis large; etc.

© John K. Kruschke, 2019
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6. Frequentist Hypothesis Testing

: , T wodel of Data i B
Try It! Data: __

Specify data
characteristics
below.

M an I p u |ate Data: Mean 0 5%;,;%%‘1; 200
70 3 0
the Test —_—

Intention s @ @ Estimate with "

— : MLE: 111
button and Uncertainty — 95% CI: 100.3, 121.7

5 50 MLE = maximum likelihood estimate.

W a tC h t h e —m Cl = confidence interval: the range of g

ff t parameter values SET MLE: 20
errect on Deta

:15.24 , 31.35
the alpha
\
valueand 5 =

Data Value P(dnhyp?dobs|Ho,intent) = 0.022 *
* Test Intention: ¥ NUll HYp Ho Value corrected alpha = 0.025,
VS n 5 S o : 70 m 130 dy = (mypo)/s,, intent = stop & test intent's

1:’} none

— .
P(Vrhyp?VIobs|Oo,intent) = 0.019 *

1 () mu only
l I I a r k l n g . : ’ NUILHYP 0o Value corrected alpha = 0.025,
() sigma only s (B 20

Shiny app by John K (¢ Mu and sigma e
Kruschke, 2019.

vry = 5,2/007, intent = stop & test intent's

Notice: Multiple tests imply more stringent alpha.

© John K. Kruschke, 2019



6. Frequentist Hypothesis Testing

Tl'y it | An alysis: Frequentist |

Stop Intention: Poisson Typical N

Model is normal distribution with () fixedN 5 a 50
parameters p and 0.
Model of Data

e random N
(Poisson)

Manipulate the
Stop Intention
button and
Poisson Typical N

] Estimate with
slider and watch the Dncertainty ™
effectonthe pvalues [

par ter values not rejected

(a N d on th e C I 'S) L HDI = highest density interval

¢ 5p 160 200
ata Value

Null Hyp. Test — P(dnyp>dobsHo,intent) = 0.022 *
TestIntention: Null Hyp po Value corrected alpha = 0.025,
70 m 130 d, = (mepo)/s,, intent = stop & test intent's
() none
> intent) = 0.019 *
= Thyp?Vlobs|O0,in =0.
() mu only Null Hyp o, Value P(Vrhyp?Vrobs|Oo,i )
e corrected alpha = 0.025,
O sigmaonly 75 g % 20 2
= Vry = 8,°/0g%, intent = stop & test intent's

(¢ Muand sigma =

Notice: Larger typical N implies smaller p values (and narrower CI's).

© John K. Kruschke, 2019



6. Frequen

© John K. Kruschke, 2019

ist Hypothesis Testin

Try It!
Set the sliders to represent

Iimportant: For a
wtorial click here

Shimy spp by Jora K
Kruschie, 2018,

Estimate with
Uncertainty —

WLE = maumum boathood esteate
C1 = condidence inzerval the range of
patamater values ot rejected

DI ¥ highest density interval

ull Hyp. Test —

Testintention;  Ull HYP ko Value
A ™ [ 100 SR
mu only Null Hyp o, Value

() sigmaonly. 34 »

(o) MU and sigma e

Frequentist |
Stop Intention:  Possson Typical N
| fixed N s B w
) random N S
(Poisson)

T}
MLE: 111

95% CI: 100.3 , 121.7

o
MLE: 20
95% CI: 15.24 , 31.35

Pldnyp?donylio,intent) = 0.022 *
corrected alpha = 0.025,

d, = (megyls,, intent = siop & test ntent's

PIVInyp? Vens|Oo,Intent) = 0.019 *
corrected alpha = 0.025

wr, = 8,.70y7, intent = stop & test intent’s

stopping and testing intentions.

Bayesian |
J: Prior Mode & SD Prioe. plu)
™ m "
el
o @ k]
— % @ | 120
O: Prior Mode & 30 Prior. p()
s @3 ®
o
o () %0
= 0 o "

Posterior, p(p | D)
mode’s 111
95% HDI
1006 1214
0 B i3 120 140

Posterior, p(o | D)
modg«20.7

'95% HDI

152 304
o em——
10 2 % @ %

¥ Null Modet Prior Prob 2 BF = 1.91.
° @ + Post prob mu null
— model = 0.66

@ Null Model Prior Prod 0 BF e = 1.52.
0 m 1+ Post prob sigma null
c— model = 0.6

77



/. Frequentist Uncertainty

Important: For a
tutorial click here.

Data:

Specif ta
charactefstics
below.

Data: Mean
70 111 130
S

Data: SD

75 [20] 30

O
Data: Sample Size
5 18] 50

Data

0 200

50 100
Data Value

Shiny app by John K.
Kruschke, 2019.

© John K. Kruschke, 2019

Analysis:

Frequentist |

Bayesian |

Stop Intention: Poisson Typical N H: Prior Mode & SD Prior, p(p)
Model is normal distribution with 0 fixed N 5 50 70 130
t do. o f—
' m Itl:rc]lelcof Data Gl e 075 (1) 300
(Poisson) - =
pr— 60 80 M 120
= O Prior Mode & SD Prior, p(c)
75 30
B o
0 S%at;(%/%lue 200 0.75 m 300
1 4
— 0 20 030 0 50
Posterior, p(u | D)
i : mode x 111
Estimate with M
Uncertainty — ' 100.6 1214
95% CI: 10 21.7 120 140

MLE = maximum likelihood estimate.

Cl = confidence interval: the range of osteri | D)
parameter values not rejected. M 20 mode=20.7
HDI = highest density interval. o 1
95% Cl: 45.24 , 31.35 95% HD
40 50
Null Hyp. Test — P(dnyp>dops|Hlintent) = 0.022 * H Null Model Prior Prob Y BF puy = 1.91.
Tastintention: Null Hyp po Value corrected alpha = 0.025, 0 m 1 Post prob mu null
70 m 130 dy = (My-Ho)/sy, i stop intent's el =0.66
() none
c— - . =
) mu only T P(VThyp>Vrod ‘m tent) 29.019 @ Null Model Prior Prob \ ClFnu = 1.52.
. corrected®pha = 0.025, 0 (0.5] 1 Post prob sigma null
O sigma only 75 m 30
vry = 5,.2/002, intent = stop & test intent's — model = 0.6

@ muand sigma e
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/. Frequentist Uncertainty

The 95% Confidence Interval
IS
the parameter values
not rejected at p < .05

l.e.,

the parameter values
with p > .05

hhhhhhhhhhhhhhhhhhh



/. Frequentist Uncertainty

Try It! Estimate with u

Uncertainty — LE: 412
95% Cl: 100.3 , 121.7

M a n | p u | ate MLE = maximum likelihood estimate.
Cl = confidence interval: the range of o
N u l I H yp parameter values not rejected. MLE: 20

HDI = highest density interval.

95% CI: 15.24 , 31.35

sliders to
values inside

and outside
Null Hyp. Test P(dhyp>dos|Ho.intent) = 0.022 *
Of Cl | im |tS Test Intention: NIl HYP Ho Valug corrected alpha = 0.025,
70 dy = (my-pg)/sy, intent = stop & test intent's
() none
dan d Watc h | P(Vrhyp?Vlobs|Og,intent) = 0.019 *
O mu only Null Hyp o, Value A :

corrected alpha = 0.025,

vy = slecoz. intent = stop & test intent's

the p values. osigmaeny 25 @

@ Mu and sigma, e

© John K. Kruschke, 2019 80



/. Frequentist Uncertainty

Estimate with
Uncertainty —

95% CI: 100.8 , 121.2
MLE = maximum likelihood estimate.

Cl = confidence interval: the range of (o)

parameter values not rejected. MLE: 20
HDI = highest density interval. 95% Cl: NA : NA

) \ N .
p(dhyp?dobslpo,lntent 0.037 N NUII Hy p(dhyp>dobs|p0,|ntent 0081 n.s.
Null Hyp pg Value alpha = 0.05 Null Hyp pg Value

Test Intention: Test Intention: alpha = 0.0

70 100 130 dy = (My-Hp)/sy, intent = stop & test intent's 70 dy = (My-Hg)/sx, intent = stop & test intent's
none none
[— [ ——
[¢] mu only e mu only
sigma only sigma only
mu and sigma mu and sigma

Nu" Hy ' p(dhyp>dobs|Ho,intent) Nu" Hy : p(dhyp>=dobs|Ho,intent
Null Hyp pg Value : Null Hyp po Value

Test Intention: alpha = 0.0 Test Intention: alpha = 0.05)

70 130 dx = (My-Ho)/sy, intent = stop & test intent's 70 dy = (My-Ho)/sy, intent = stop & test intent's
none none
[m— e ——
e mu only e mu only
sigma only sigma only

mu and sigma mu and sigma

© John K. Kruschke, 2019 81



/. Frequentist Uncertainty

Try It!

« Change the testing intentions, and watch the Cl’s
change. Switch from “mu only” to “mu and sigma”, watch
the change in Cl on y. Switch from “sigma only” to “mu
and sigma”, watch the change in Cl on 0. Do the CI's get
wider or narrower when more tests are intended?

« Change the stopping intention, and watch the CI's
change. Switch from “fixed N” to “random N (Poisson)”.
Use different settings of Poisson Typical N. The Cl's will
change accordingly. Do the Cl's get wider or narrower
when the Typical N is increased?

© John K. Kruschke, 2019

82



Review: Compare info side by side

Important: For a
tutorial click here.

Data:

Specify data
characteristics
below.

Data: Mean

70 111 JIRER

Data: SD

75 [20] 30

O
Data: Sample Size
5 18] 50

Data

0 200

50 100
Data Value

Shiny app by John K.
Kruschke, 2019.

© John K. Kruschke, 2019

Analysis:

Model is normal distribution with
parameters p and o.
Model of Data

"

0 50 100 200
Data Value

Estimate with
Uncertainty —

MLE = maximum likelihood estimate.
Cl = confidence interval: the range of
parameter values not rejected.
HDI = highest density interval.

Null Hyp. Test —

TestIntention:  'VUIl HYP Ho Value

70 130
() none )
o
O muonly Null Hyp o, Value
O sigma only 75 m 30

@ muand sigma e

Frequentist |

Bayesian |

95% Cl: 15.24 , 31.35

P(dnhyp?dops|Ho,Mtent) = 0.022 *
corrected alpha = 0.025,

dy = (my-Ho)/sy, intent = stop & test intent's
P(Vrhyp>Vrops|Oo,intent) = 0.019 * E s Null Model Prior Prob

corrected alpha = 0.025,

vry = slecoz, intent = stop & test intent's

Stop Intention: Poisson Typical N H: Prior Mode & SD Prior, p(p)
() fixed N 5 50 70 100 130
@ random N o c—
o=t o @ N
- 1
O Prior Mode & SD Prior, p(c)
75 30
(|
[0k 90 300
— 0 20 30 40 50
é Posterior, p(u | D) )
mode = 111
> 95% HDI
- 0
MLE: 111 1006 121.4
95% CI: 100.3 ,121.7 sﬁo—ﬁo—mo——mo
o Posterior, p(c | D)
MLE: 20 mode=20.7

95% HDI
30.4

10 20 30 40 50

H Null Model Prior Prob H: BFqun = 1.91.

0 m 1 Post prob mu null
model = 0.66
o: BFhun = 1.52.

(] [0.5] 1 Post prob sigma null
model = 0.6
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Review: What sliders do not affect

Important: For a
tutorial click here.

Data:

Specify data
characteristics
below.

Data: Mean
70 111 130

Data: SD

75 [20] 30

[e—
Data: Sample Size
5 B 50

Data

0 200

50 100
Data Value

Test Intention:

Analysis:

70

Frequentist | Bayesian |

Stop Intention: Poisson Typical N H: Prior Mode & SD Prior, p()
Model is normal distribution with O fixed N 5 0 70 130
T @ random N
(Poisson) 50 80 | 120
Br Mode & SD Prior, p(c)
30
G 50 100 200 300
Data Value 10 20 030 40 50
Posterior, p(u | D)
) i mode x 111
Estimate with H ot ol
: MLE: 111 4
Uncertainty — G 1214
95% CI: 100.3 ,121.7 60 80 120 140
MLE = maximum likelihood estimate.
Cl = confidence interval: the range of (o) Posterior, ¥{c | D)
parameter values not rejected. MLE: 20 mode=20.7
HDI = highest density interval. o 1
95% CI: 15.24 , 31.35 95% HDI
30.4
10 20 30 40 50
G
Null Hyp. Test — P(dnyp>dops|Ho,intent) = H Null Model Prior Prob 12 BF puy = 1.91.

Value corrected alpha = 0. m 1 Post prob mu null

() none

> i * W
() mu only Null Hyp o, Value P(Vrhyp>Vrops|Oo,intent) = 0.019 O Null Model Prior Prob O n= 1'.52.
sigma only corrected alpha = 0.025, 0 (0.5 1 Post prob sigma null
® 2 m 4 vy = 5,2/0¢°, intent = stop & test intent's — model = 0.6

Shiny app by John K.
Kruschke, 2019.

@ muand sigma e

© John K. Kruschke, 2019



Data

specification

Bayes factor &
posterior prob’s

Hypothesis pvalue
Test

Be able to predict the Be able to set the
gualitative effect of sliders appropriately
every slider and to reflect real-world
button on the results scenarios, and explain
in every cell of the why.

table, and explain
why.

© John K. Kruschke, 2019 85



How to Improve the App?

e Guidelines for where and how to insert
into existing classes?

» Sub-modules? With videos?
* Specific exercise sets and quiz banks?

» Simpler, one-parameter version?
(could not show corrections for multiple tests)

 Software that allows inserting user data?
(would be challenging in Shiny)

* Discuss at Breakout Session!

hhhhhhhhhhhhhhhhhhh



How to Get Teachers to Adopt the App?

« More arguments in favor of Bayesian?
« Demo’s of how intuitive and easy Bayesian is?
« Examples of how juxtaposition clarifies both?

« More arguments against frequentist? (people
react badly to this)

« Evidence of efficaciousness?

» Endorsement by agencies, societies, leading
instructors?

 Discuss at Breakout Session!



The Tutorial

The App

Getting oriented

Core structure of the app
Interactive sliders
Learning objectives
Layout of the app
Organization of this tutorial
Opening the Shiny App
Data
Analysis Model
Frequentist estimation

Bayesian estimation and
uncertainty

Hypothesis Testing
Bayesian hypothesis testing
Frequentist hypothesis testing

Frequentist uncertainty: The
confidence interval (Cl)

Which analysis when?
Mastery of learning objectives

Next steps

Getting oriented

This tutorial guides you through a Shiny app that puts frequentist and Bayesian
analysis side by side.

This tutorial is best viewed in a wide window so the dynamic table of contents
(TOC) appears on the left of the text. With the TOC visible, you can click in it to
navigate to any section you like. In a narrow window, however, the TOC appears at
the top of the screen and disappears when you scroll down

Core structure of the app

The app is organized as a 2 x 2 table: There is one column for frequentist
analysis and a second column for Bayesian analysis; there is one row for
estimation with uncertainty and a second row for null hypothesis tests. The
cells of the 2 x 2 table indicate the typical information provided by each type of
analysis, as noted in the figure below:

Frequentist Bayesian
Data
specification
Estimate maximum likelinood
4 " ° distribution with
estimate (ML) with  {EC T A

Uncertainty ~ confidence nterval (C) G5 i iy

Null Bayes factor &
Hypothesis pvalue i
Test probabilties

The app’s 2 x 2 table of analyses.

Important: For a
tutorial click here.

Data:

Specify data
characteristics
below.

Data: Mean

70 g @
e—

Data: SD

5 (0] 2

Data: Sample Size

s 0 5

Data

_
[y 00 150 200

50100
Data Value

Shiny app by John K.
Kruschie, 2019.

Analysis:

Model is normal distribution with
parameters i and 0.
Model of Data

650 100 150 200
Data Value

Estimate with
Uncertainty —

MLE = maximum likelihood estimate.

Cl = confidence Interval: the range of
parameter values not rejected.
HDI = highest density interval.

Null Hyp. Test —

Test Intention:
« none
mu only
sigma only

mu and sigma

Frequentist |

H
MLE: 111
95% CI: NA, NA
o

MLE: 20
95% CI: NA, NA

Bayesian |

H: Prior Mode & SD Prior, p(w)
7 (100} 130
o— )
Al 300

a € 80 120
- | w
o Prior Mode & SD. Prior, p(c)
75 @ £
— )
- | 20

W20 30 @ 3

Posterior, p(u | D)
mode~110.8

95% HDI
100.6 121.5

60 80 100 120

Posterior, p(c | D)

mode =20.9
95% HDI
14.8 30.4
10 20 30 C} 50
c

© John K. Kruschke, 2019

www.indiana.edu/~kruschke

Thank you!
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