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1. 000000000

bayesmh 00 O0OO0000OO0D0OOO0OOO0OOOOODOOODOOO0ODLOOOODOODOODOOOODOO
00000000 O0adaptive 0 MH (Metropolis-Hastings) MCMC (Markov chain Monte Carlo) O 0O 0O O
0000000oooooooooooo0o0o0000O0Od 1ikelihood) ODO0OOOO prior() 0 ODODO
gooboboboooooooobobobobobobooooobobobobobobooooooo
000 evaluator() 0000000000 ODODOOOODOO [BAYES] bayesmh evaluators 00000
gog

00000 MCMCUOUOOUOOOUOOOUOUOUOUUOUOO pvayesgraph 0000 OOOOOOOOO
bayesstats ess 0000000000000 000DODO (effective sample sizes) 00000000000
goooobobbboobobobbbob0O00douboObObDDbayesstats summary D00 000000000
gooboboobbbooobobboobbbooobobboonobboobbibddlbayesstats ic 00
0000000000000 00 (Bayesian information criteria) 000 00O (Bayes factors) 00000
000000000 0b0b0b0o0b000O0D0ObD0ObOl bayestest model OO OOOOOOOODO
000000 bayestest interval UOOO0O0OO0OOO0OOODOOO

godoooodooboooobdooboooboooooooob oo oooooooobo
[BAYES] bayesmh (mwp-240) 00000000

2. 000000

0000 Example 000000 oxygen.dtaOOODODOO0O0OOO0O0O0O0OO0O0O0O0OOO0DOOOOOOO
0000000000000 0000 2000000000 — step aerobics 1200000000 outdoor
running 1200 — 0000000000000 O0O0O0O0O00O0 120000000000000 “aerobic”
O“unning’0 000000000000 O00OOODOOOOOl/OD0000D00O0O0O0OODOOCOOOOOO
ooboooooood

. use http://www.stata-press.com/data/r17/oxygen.dta *!
(Oxygen uptake data)

*1 0000000File > Example Datasets > Stata 17 manual datasets O O O O Bayesian Analysis Reference Manual [BAYES]
0 Bayesian commands 0000000000000
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. list, separator(6)

changelRBERRgroupRFagelBElageXgr

BR1.
BEE2.
EE3.
EE4.
BRS.
EE6.

BEE. 87EEERuUNNing

BR3. 27EEERUNNiNgRREE
BE1.978EERuUNNning

BEE7.
EES.
EES.
E10.
E
E12.

[17.050RRAerobic
BIRl4 . 96L
BER10.4BRRAerobi cRIRIER
P11 .050rFAerobic
BIRRE . 26BREAerobic
BR2 . 51BRRAerobic

00000000 changeOOOOOOO0O0OO0OO0OO0OO0O0O0O00O0O0O0O0O0O0O0O0OO0O0OO0 groupO
0 0: running, 1: aerobic)D 000000000 age00 000000004 00000 ageXgrOOOOO
age#group U0 0O ODOODOO

Kuehl (2000) O ANCOVA (analysis of covariance) 0 00 0000000000000 0O000DOOO

change = By + Beroup 8roup + Bage age + €

0000DD00000000000 e0000 00000 ¢20000000000000000000000
000000000000000 Hoff (2009) 00O00D0ODOODO

> Example 1: OLS

000 OLS (ordinary least squares) D0 OO00D0 regress 0000000000 ODOO0OODO

. regress change group age

*2

.BregressBchangellgroupBage

ERERERSource |CERERERESSEERREEERERR FRRRRRREMSERRREENumbe rElofEob sERE

PAFREREModel 1647 . 87489 3RRRIRRRRRR2ER323.937446 ProbC>EFEREE
PERRResidual BRI70.3887680E

ERRREEREEL2

BEEF (2,29 ) IEREREEEE= EEER41.42

EEEISER7 . 82097423 REsquared:

R

ERTotal | @718.263661EF

BERAdjERRsquared?
PE11EE65 . 2966964 ROOtEMSER

*20000000 Statistics > Linear models and related > Linear regression

PIPIZI0 . 0000
[0.90620
Fl0.8802
B2.7966
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EEEREEchange |ECoefficientEEStd.Rerr.ERERERRtEREEP> |t | BEREE[ 95%Econf.Binterval ]

?FERS . 506479

F30.76498

Ub00000D group,age 000000 DOOO0OOOODOODOODODOOOODOO

000 groupU0O0OO00O0ODOp0O0 0040000000000 5% 000000 Ho: Peroup =000
goboooooooooboooooo pobobOOO0OoDOOOOOOOOOOOOOoODObOOoOoDOOOn
ooooooooooooOooooooOoooOoOoOooooOooOooOoOoOooooooOooboOoOoo0ooontt=3.030
0000000000000 000000D0ODO0O0 14%0000000000000O0O0O0OODOODOOO
odb0pbOO0oOoobOOoOoobOOOOoO0oDObO0o0bODOOoO0obOOoooobDOoooooOobO0obooOooOooDboOooo
gobooooooooooboooobobooobooooboooOoooOooooOo0oooboboOoobooOoOoboooOoo
gobooooooooobooooobooobooooooooooooobooooobobooobooooobooooon
D000000oo0oooooooodExample 900 M

0000 (CI: confidence intervals) 0 pO0 000000000000 O0O0OOO0OOOOOOOOO groupO
0000000000000 000O0 9%%CIo (1.38,951]0000000000000DOO0O0OOO 0D
O000000000Ogroupd change 00 0000000000000 DOOO0OOOODOOOO 95% CI
oo0oooooooO0o0o0oooooooooooOOoooo clooo0oo0ooooOOoooobooDOoOoOoO
09%000000000000000000000000O0growp00000OO0DODODOO [1.38,9.51]00
cooooYsooooooooooooooooooo o0 l10ooooooooooooOooboooOoon
0000 ClO000000000D0O00000D0000 grouwp000O0OO0DOODOOODOOO [1.38,9.51)
gobooooooooobogoobobobooooboooooooobobobobooooboobDobobOoDbon
0000000000000 0000O0O00DoO00ooOoOnDoExample 900 <

> Example 2. DOO00O0O0O00OO (1)

Example 1000000000000 O0O0O0ODOOOO0OODOQO0O0O0ODOOO0OODOOOOODODOOOO
gooooobooboooobooboobbooboobboobooboobboobobobboobo
goobobobooooooooobogooboboboboooboooobooboboboboboboooooo
gobooobooboobbooboobbooboobooobooboobbooboobbooba
gogooooboobobooboobboobuoobboobuoobbooboobobo

goboooobooooooooobOoOoOoOOoOoOobOo0oOoOoOoOoOoOoOoOoOoOobOOoOobObOboOoOobOoOooOoon
gobooooooooooooobooobobooobooooboooooooooDbooobboOooboooo
gobooooooooooooboooooooooooooooooooooooooon

0000 oxygen.dtaUOOODOOOOOOODOOOOOOOOOOCOCOOODOOOOOOOOOODOOO
gobooooooooooooboooobboooboooooooooOoboooboOooobooboooboooon
000000000000 000000O0Example 100000000000 O0OOO40000000 —
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jooo0o0o0O000000000 —D0OO0O0O0O0O0ODO0O0O0O0OD0OD0O0OO changeOODOOOOOODODOODO
00000000000 noninformative 0 Jeffreys prior 0000000000000 Jeffreys prior OO
O00000000000000 (joint prior distribution) 0000000000000 OOOOOO

ogobooooboooooooooobooooobooooon

change ~ N(Xg3,0?)
1
(ﬁ702) ~ 3

g

000 XO0O0O000 (design matrix) 0080000000 (8o, Bgroups fage) 0000000

gboobodoboboobuobdveayesshODdO00o0o0oboooooboboobooboooboboooban
gogbooooboobooon

. bayesmh change group age, likelihood(normal({var})) ///
prior({change:}, flat) prior({var}, jeffreys)

ooboooboooooobooooboobooooooboO0o0oooo0o0Ooooon changeO OO0 group, age
O00000000bayesmh OO0 O0O00000000D00O0O0O000OO0O000O0O00O0OO likelihood()
0000000000000 0000 prior(O 000O0O0O0OOODOOOODO

0000000000000 {}0000000000000000D0000000000D000 bayesmh O
goooboboobooobooooboboooobooboobooobooboboboobbooobooD
0000000000000 0000D00 {var}000000D0ODOO0OODOOOOD30000000DO
O {change:group}, {change:age}, {change: cons} 0000000000000 DOOOOOOOODN

00000000000 00ooo0oo000ooDO0On bayesmhOOOOOOO buit-in00O0000OO
0000000000000 0000000000000 (evaluators) 0000000000 ODOOOODO
[BAYES] bayesmh evaluators 000 0000000000000O0O likelihood() OO ODOODODOO
normal({var}) 0000000000000 00O0D0O0O0DOO0ODOOO {var}00000000OOO
0000000000000 00000000000000000000000000000 change 00O
gooDoOooobooooboo3dboooooooooa prior({change:}, flat) DOOOOOOOO
0000 10 flatprior 0000000000000 Y{change:}0000000000O0O0OOOOOO
gdo0o00O0O0oO0oO0oO0OO0oOOOOOOO0OO0OO0OO0OO0OO0OO0OO0OO0OO0OO0OO0O0OO0OO0OO0OO0OO0OO0OOO0OOO0OOOOOOOOn
gooooooon {Var}DEIDDD prior jeffreys 0000000000000 OODODOODOOODO
1/0200000000000000

Ubdoboob payesmhOUOOOOOOOO0OO0OOOOOO0OO0OOOOOOODOOOOOOOOOOOOO
0000000000000 0000000O0bayesth D0 000 MCMCOOODOOOOOOOOOOO
O000DO0O0ODO0OO0ODODDO seed00000000OC0O0O0OO0OOUOUUOUUOUOOO seed0O OO
goobgoobogo
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set seed 14

e Statistics > Bayesian analysis > General estimation and regression O O O
e bayesmh 00 00 0O: Model O 0O: Class of models: Linear models

Model type: Univariate linear regression
Model: Dependent variable: change
Independent variables: group age
Likelihood model: Continuous —> Normal regression
Variance: {var}

Priors for model parameters: = Create. ..

B bayesmh - Bay meodels using Metrog stings algorithm

Likelihood model

Model  Model 2 iffin Weights Simulation Blecking Initialization Adaptation Reporting Advanced

Class of models: Model type:
Linear models ~ Univariste linear regression v|
Pleelel
Dependent varable: Independent vanables:
change «| | group age w|l,

I Suppress constant tenm

Continuous

--» Marmal regr

--» Student’s t regression

--> Lognormal regression

--» Exponential regression
Discrete

--> Probit regression
--=> Logistic regression

--» Poisson regression
Survival

--» Binomial regression with logit link
--> Ordered probit regression
--= Ordered legistic regression

--= Fenpnential cirvival remreccinn

A | Vanances
{war} Create...

Priors for model parameters

7| IC B

Press "Create” to define a pnor distnbution

[] Shew model summany without estimation

Create...

Edit
Dizable

Enable

[ ok ][ Concel || submit

01 bayesmthO OO OO - Model OO
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e Prior 100000 : Parameters specification: {change: }

Choose a prior distribution: Generic —> Flat prior

B Pricr1

Paramecters specification:
{change:}

Chocse a prior distribution:

Multivariate continuous ”
--= Multivariate normnal distribution
--» Multivariate normnal distribution with zero rmean
-=» Multivariate normal distribution with exchangeable covarianc
--» Multivariate normal distribution with exchangeable covarianc
--=> Multivariate normal distribution with independent covariance
-2 Multivariate nomal distribution with independent covariance
--» Multivariate nomal distribution with identity covariance
--» Multivariate nomnal distribution with identity covariance and :
--= Zellner's g-pricr
--» Zellner's g-prior with 2ero mean
--=» Dirichlet distribution
--» Wishart distribution
--= |verse Wichart distribution
--» Jeffreys prior for covanance of multivariate normal

Discrete
--= Bermoulli distribution
--» Geometric distribution
== Discrete index distribution
--= Poissan distribution

Generic

--= Flat prior (with & density of 1)
--= Genenc density
--= Genenc log density b4

? G [II Cancel

02 Priorl100000O

e bayesmh JO0000: Model OO
Prior 2: Parameters specification: {var}
Choose a prior distribution:

Univariate continuous —> Jefreys prior for variance of normal distribution
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.BbayesmhBichangeBgroupBage,@likelihood(normal({var}))B@prior({change:},Bflat)d@pri
>Bor({var},Bjeffreys)

BurnBing. ..
Simulationf...

ModelBsummary

Likelihood:
changebl~Bnormal (xb_change, {var})

Priors:
{change:groupBlagell_cons}E~F18(flat)EEEREERRRERRRRRRERRRRERERRRRERERRRRER (1)
{var}@~Bjeffreys

(1)8ParameterskarellelementsBofE@the@linearformixb_change.

BayesianBnormalBregressionERERERERERREREREREREREMCMCEi terationskR= BRER12, 500
RandomBEwalkBMetropolis-HastingsBsamplingBEREREEREEBuUrnEinkEE

MCMCRIsamplellsizell=
PR R R R R R R R R R R R R R R R R R R R R R R R R RRRREERENumbe rElo f Elob s BRER!
01 E2 2 312 3 3 B2 E3 2 0 E2 2 E2 3 x B2 E3 3 0 E2 2 12 3 xa 2 E3 B2 3 [ B2 B3 [ B2/ AN of o < o = T g Tl =l o [ o= R W S EI

PR, 1371
F1.02687

PR R R E R R E R R R E AR R R R R ERERREREREE fficiency : BRminE=
avgkl= BEER.03765
Loglmarginal@likelihoodll= [E24.703776 maxB= EEER.05724

ERRREER R R R R R R R R R R R R R R R R R ERRERREqualEitai led
PRRREEMeanERRStd . Bdev . BERRRMCS ERREREMediankR [ 95%kEcred . Binterval ]

BIES5.4296770RR2 . 007889RRE . 083928RRRS5 . 533821RER1 . 157584RRR9 . 249262
[F11.88730ERE. 3514983

EE46 . 49866LERES . 3207 7Cl

CRRRERRRRVar |ER10.27946R0R0R5 . 5414676 . 338079RRR9 . 02390513 . 9803 25RRR25.43771

bayesmh O OO0O0ODOOO0OOOO0OODODODOOOOOOOODODOOOOODOOOOOOODODODO
googooooooobbbboboooooooooobbbobbayrun D0 00000O0O0OOODODODDO
goooobooooboboooboobooobooobooboooboooobbooobooboooDo
nomodelsummary U0 0000000000000 O0O0000O000000O0O00OO0O00O0OO0OO00bOO0
googn

0000000O000o00oOoU0ooOoooOoUoOo0ooOooooooooMCMCOOOD 12,50000
0000000000000 2,500000000 (burn-in iterations)d 00O 10,000 00 MCMCOODO
goboooooooooboooobooooboooooooooooooooooooooooooooogon
ooooMCMCOOOOOOOODOODOOOODOOOOOODOOOOO0OO0OO00O0O0O000OOOExample
o0 0
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000000000 (acceptance rate) 00O (efficiency) 0000000000000 DOOODOODOODO
g ooobobbbobbobbobobbobdddddoooooooo o
000 0.1400000000000000 10,000000000000 14% 00000000000000
000000000000 0OMHOOOOOOOOOOOOO0O050% 000000000000 30% 00
0000000000000 0000o0ooo 10% 000000000000000000000000
000000000000000000 14% 0000000000000000000000000000
ooooooooooo®¥ooooo0o0D0OMHOODOODOODODOODOO MCMCOOOODOOODO
000000000000000000 10%000000000000001% 000000000000
JooDo00ooooooooooooooooooooMCMC sampler 0000000000 OOOOOO
000000000000 [BAYES] bayesmh (mwp-240) 000000 “Improving efficiency of the MH
algorithm—>blocking of parameters’0 0000000

0000000000000000000000000000000Mean 000000000 (posterior
means) 000 —O000000000000O00O000O (marginal posterior distributions) 0000 —
000000000000 00 Example /0000 OLSOO0O0OOO0OO0OOOOOOOOOOOOOO
noninformative 0 — 0 0000000000000 00O0O0O0O0O0O0O0O0OOOOOOOOOOO — prior
0oooo00ooooooooooooooooooooo MCMCOOOoooo ™

0000000000000 0000DDOO (posterior standard deviations) 0000 —O0000O000ODO
000 —O000000000000000000000000000000O00000000O00O0LSOO
000o0o0o0o0ooo0ooooooooo

00000000000 MCOOOO (MCSE: Monte Carlo standard errors) 0000000000000
000000000000 0000000000000000O0000DO0ooMCMCOOOOOOOO0O0
gbobobooooboobooboboobaoao

Median 00O OO0 O0O0OO0OOOO0ODOOOODODOOOODDOO0ODDODOODDODOOODDOOODDO
gobobobobooooooobooboboboboobobooooooboboboboboboooooogoo
gogboobbooboobobobobooboobbooboo

000 200000000000 (credible intervals) 000000000000 0OExample 100000
00000000000 DO (confidence intervals) 000000000 D0ODOODOODOODOODOODOOD
00000 growp00ODOOOOOD [1.16,925|0000000000 9%% 0000000000000OD0O
00oo000o0o0oo0ooooboO0o0o0oO0o0o0oooO0ooo0o0oo0ooo0oooooooooooon
gobobobobooooooooobgoboboboboooobooboooboboboboboboboooobooon
Obkxample 900 000000000000 MCMCOOOOOOOOOOOO0OOOOOOOCOOOO
00000 Example 500000000

bayes prefix 0000000000000 DO0OO0OD0O0O0O0O0DO0OOODO0O0OO0OOOOOO Example
11io0ooocooon <

*3 0000 (mixing quality) 0000000000
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> Example 3: OO0 O0O0O00OO (2)

oobooooooooooo

> Example 4 DOOOOOOOO (3)

oobooooooooon

> Example 5: 00000

goboooobooboon

> Example 6: bayesstats summary 00 0O 00 O

oobooooooooooon

> Example 7: OO00O0O0OOOOO

ooboooooooooo

> Example 8: OO0 OO0

oobooooooooooo

> Example 9: 0O 00O

oobooooooooon

> Example 10: 00000000 OOOOCOODOCOO

ggbooooboobooon

> Example 11: Bayes prefix 0 0 0

oobooooooooooo

10



