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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

000000000 (Bayesian variable selection) 00O 0000 bayesselect 000000 DO0OOOO
0020000000000 (shrinkage priors) — global-local shrinkage priors 0 spike-and-slab priors
— 0000000000000000 [BAYES] bayesselect DODODODODOO0O

OO000O0O MCMCOODUODODOODDOOOOOODOO bayesgraph 00000000000 ODOODOO
(multiple chains) 00 0000000000000 DOO bayesstats grubin 0000000000 OODO
O Gelman-Rubin 0000000000000 O0000O00O0OO bayesstats ess0O00000O0000OO
0000000 (effective sample sizes) 000 0000000000000 O0OOOOOOOODOOOODO
UbO0O000Obayesstats summary U000 000000000000 000O0O00O00O0OOO0O0O0ODOOODO
0000000000000 0U0O0OOODbayesstats ic0000000D00O0D0ODO0ODODOODO (Bayesian
information criteria) 0 00 00O (Bayes factors) D00 000000000000 D0O0ODOOOODOOO
0000000 bayestest model DD D OUOO0ODDOOOOODODOOOO bayestest interval [
Ugo0b00000000000000 bayespredict U bayesstats ppvalues U OO 0OOOO0OO0OOOO0O
goboobboobobuooboobobooboobbooboon

dddddooooooooooboboboobobobobooboodddoooooooooooooon
[BAYES] bayesmh (mwp-2/0) 00000000

2. 000000

0000 Example 000000 oxygen.dtaOOODODODOO0OOODOO0OOOODODOOOOOOOOOOO
0000000000000 0000 2000000000 — step aerobics 1200000000 outdoor
running 1200 — Q0000000000000 O0OOCOOO 12000000000000A0 “aerobic”
O“uming’0000000000000O00OOODOOOOOl/D000000000O00ODO0OOOOOOO0
goobooboooo

. use https://www.stata-press.com/data/r19/oxygen.dta *!
(Oxygen uptake data)

*1 0000000File > Example Datasets > Stata 19 manual datasets O O O O Bayesian Analysis Reference Manual [BAYES]
0 Bayesian commands 0000000000000
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. list, separator(6)

changeBRRREREgroupkERlagelEBageXgr

BRI, BER. 87EEERUNNingRRRER23ER
BE2. B10.740
BIE3. B3 . 270
BR4 . BR1.97E
BR5. BRR7.5
BE6. BR7 . 25EEERUNNingRRER20RR

BIR7 . 17 .05RRRAerobicERRR31E
ER8. B4 . 96RERIAerobichl
BIR9 . PIRI10. 4
F1e. F11.05
E11. BIRIR . 266 122l

R12. BR2 . 51RRERAerobi cRRRRI24C0]

00000000 change OO O0OOO0OO0OOO0ODOOOOOO0OOOCOOOOODOOOOOODOOO groupU
0 0: running, 1: aerobic)D0O00O0O000O0 age 00000000004 00000 ageXgrO0OO OO
age#tgroup OO OOOO0O

Kuehl (2000) O ANCOVA (analysis of covariance) 0000 0000000000000 0O0OO0DOOO
change = [y + Beroup 8roup + Sage age + €

O00000D000000000 e0000 00000 ¢?0000000000000000000000
000000000000000 Hoff (2009) 0000DODOODO

> Example 1: OLS

000 OLS (ordinary least squares) 000000 regress 000000000000 00OO

. regress change group age *2

.BregressBichangeligroupklage

EFRREERESource | ERREERESSEREREERREER fERRRREEMSERREEENumbe rEloflobsERE=CE
BIERF (2,E9)
FI2E2323.937446 Probl>EFE
907 .82097423  REsquaredk:
FEEAdjEREsquareds
PR11EE65.2966964  ROOtEMSEREE

EEREREEModel | E647.874893EER
BEEREResidual | EE70.388768EEE

10 . 8802
[12.7966

FETotal | [718.263661ECE

*20000000 Statistics > Linear models and related > Linear regression
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EEEEERchange |ECoefficientEEStd.Berr.FRRRREtEREEP> |t |EEEER[ 95%Econt.Binterval ]

BRI .
PIEIEE46 . 4565ERE6 . 93653 1ERERERE . 70EEERO . 000k

162 .14803RRE30. 76498

0000000 group, age 000000000 O0O0OO0ODOCOOOCOOOOOOOO

000 group 000 00000O0p0O0 0.0140000000000 5%000000 Ho: Berowp =000
uobooooooooobooobooo poOOCOO0OOOOO0OOOOOOOOOCOOODOOOODOOOOn
00000ooooooo0o00ooooo0o0O00oooooOoo0O000o0oooooob0O0O00o0n t=3.030
000000000000000000000000 14%0000000000000000000000
dbdbOpbOoOooOOOOO0OOOOO0OOOO0OO0OOOCOO0OOOOO0ODOOOOOOOO0OObOOOOODOOOOn
goboooooooooboooooboooboboooooooooooobobo0oooobooooboooooooboo
gobooooooooboooobobooobooooooooooooooOoOooooOoobooOoooboooOoon
0000000000000o0oodExample 900 M

0000 (CIL confidence intervals) 0 pO000000000000D0000DDOOO0O0ODOO0O groupD
000000000000 0D0OD0O0O 9%%CIo(1.38,951] 0000000000000 DO0ODOOO 0D
000000000 DOgroupd change 00000000000 DODDOODODOOOOOOOOOO 95% CI
O00o0000oO0o0oO0o0o00oo0oooooooOooo cloo0ooo0oooooooooooonon
09%0000000000000000000000000growp00000OO0DODODOO [1.38,9.51]00
oO0ooo0o9%0000000000000000000 00 100000000O0000000O000O0O0O00
0000 Clo0D0000000D000D00D0000 growp 00000 DOODOODOO [1.38,9.51)
0000000000000 000000000000000000O00000O0000bO0000000
000000000000000000000000000000Example 9000 <

> Example 2. OO0O0OO0DOO0O0OO (1)

Example 1000000000000000O00OC0OOOOODODOOO0O0O0OOOOOOOOOOOOOO
goboooobooooooooobooOoooOoboOoOobOoOoOooOooOoOoooOoOoOoOoDOOoOobOobOboOoOoboOoOooon
gobooooooooooooboooobooboooboooooooooOoboOooDbDoOOooobboooboooo
goboooobooooboooooobooOoooboboooboooooOooooOooOoOobOOoOobobOboOooboOoOooon
goboooboooobooooobooooobooooboOoobooooooooooDooon

gobooobooooooooobooOooobooOooboooooOooooOooOooOoOoooOoboOooboOooon
oobooooboooobooooobooOooobooOooboooooOooooOoooOobOoOoboboboOooboOooon
gopboooooooooooobo0oooooooooooDboOooooooooDooboOooon

0000 oxygen.dtaUDUO0OODOOOOOOODOOOOOOOOOOCOOOODOOOOOOOOOODOOO
gobooooooooooooboooobooboooboooooooooOoboOooDbDoOOooobboooboooo
O00000oo0o0000ooo0000OExample 1000000000000 OOO40000000 —
J0000000000000D00 —0O0O0000000000000 changeOOOOOODOOODOOO
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00000000000 noninformative O Jeffreys prior 0000000000000 Jeffreys prior OO
00000000000000 (joint prior distribution) 0 0000000000000 OOOOO

goboooboooobooooooooooooon

change ~ N (X8, 0?)
1
(ﬂ’02) ~ )
000 XD0D0O0O00 (design matrix) 0080000000 (Bo, Beroups Bage) 10O 0D 00O

boodoboooboboobodbOdvayesmhOOODOOODOO0OOOOOOOOO0ODOOODOOOOOOOOO
oobooooooooooo

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

vbooboboobobouobobooboobouobuboboobdbOod changed OO0 group, age
ODO0O00000D0O bayesmhOOOOOOOOOODODDOOODODOOOOOOOOOOOOO likelihood()
0000000000000 0000 prior(O 00000000 ODOOOOO

000000000000 D {}00000000000D0O000D0O000D0O000DO0 bayesmh O
goooobooboooooobobooboboobooboobooboobobobboobboobobOooD
0000000000000 00000D0D{var}0000O000ODOODOOOODOODO300DO0O0O0OOO
O {change:group}, {change:age}, {change: cons} 0000000000000 OOOOOOOODO

00000000000000000000000000 bayesmhOOOO0OO0OO buit-inOOO0000OO
goobooooooboboooooobuooooooboo (evaluators)DDDDDDDDDDDDDDDD
[BAYES] bayesmh evaluators 00 000000000000 O00O0O 1likelihood) OO OO OODODO
normal({var}) 00 0000000000000 0O0OO0ODOOOOOOODO {var}00000O0OOO
goboobooobuoooboooboooboobooboobboobboboboobbOobobO change OO
0000000000000 00300000000000 prior({change:}, flat) D0DO0OOODOODO
ooogi10o flatpriorl][ll][ll][ll][ll][II][ID[I{change:}[IDDDDDDDDDDDDDDDDD
gooooOoOoOoOoOoOoOOOOOOOOOOOOO0OOO0OOOOO0OOOOOOOOOOOOOOOOOOO
000000000 {var} 00000 prior jeffreys 00000000000 0O0OOOOOODOOOD
1/02DDDDDDDDDDDDDD

UbOoboO00b0bpayesmhOOOOOOOO0OOOOODOODOOOOODODOOODODOOOOODODOOO
O000000000000000000O0O0bayesmh 00000 MCMCOOOOOOOOOOOOOO
O00O0D0O0ODO0OO0ODODDO seed000000000O00O0O0OO0OO0O0O0OO0OOOOOO seed0OOO
goooooogo
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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. ..

EE bayesmh - Bayesian models using Metropolis—Hastings algorithm

Model Model 2 iffin Weights Simulation Blocking Initialization Adaptation Reporting Advanced

Class of models: Model type:
Linear models v Univariate linear regression v
Model
Dependent variable: Independent vanables:
change ~ | group age il |
[_] Suppress constant term
Likelihood model
Continuous Vanance:

--> Normal regression {var} Create...

--> Student’s t regression

--> Lognormal regression

--> Exponential regression

--> Asymmetric Laplace (quantile) regression
Discrete

--> Probit regression

--= Logistic regression

--=> Binomial regression with logit link

--> Ordered probit regression

--» Ordered logistic regression

--= Poisson regression

Priors for model parameters

Create...

Edit
Disable
Enable

Press “Create” to define a prior distribution

[] Show model summary without estimation

721l @ Cancel Submit
LN

01 bayesmh OO OO0 - Model OO
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e Prior 100000 : Parameters specification: {change: }

Choose a prior distribution: Generic —> Flat prior

EE Prior 1

Parameters specification:
{change:} o

Choose a prior distribution:
-=> MVN with exchangeable covariance and zero means
-=> MVN with independent covariance
-=> MVN with independent covariance and zero means
--> MWN with identity covariance
-=> MVN with identity covariance and zero means
-=> MVN with scaled covariance
--> MVN with scaled covariance and zero means
--> Zellner's g-prior
-=» Zellner's g-prior with zero mean
-=> Dirichlet distribution
--> Wishart distribution
--> Inverse Wishart distribution
-=» Jeffreys prior for covariance of multivariate normal
Discrete
--> Bernoulli distribution
-=> Geometric distribution
--> Discrete index distribution
--> Poisson distribution
Generic

--> Flat prior (with a density of 1)
-=> Generic density
--> Generic log density

2c

02 PriorlOOO0O0O

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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.BbayesmhBchangelgroupBage,®@likelihood(normal({var}))Bprior({change:},Bflat)Bprio
>Br({var},Bjeffreys)

Burn@ing. ..
Simulationf...

ModelBsummary

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

Priors:
{change: groupllagell_cons }B~Z1R(flat )RR RRRRRRRRERRERRERRERRERRRERRER (1)
{var}@~@jeffreys

(1)EParametersBarelelementsBofBtheRlinearBformiExb_change.

Bayesiannor‘malI"egl"essionhu~u~u-u-u-u-u-u-u<u<u<u<u~u»u»u»u-u-u-u-u-u-n ICMCRliiterationshk= 12, 500
RandomBwalkEMetropolis-HastingsBisamplingBEEREREREBUrnEinkEEE

MCMCRIsampleRlsize
012 3 2 ] 02 3 2 212 3 2 23 3 2 1 3 3 e 3 3 ] e 3 3 a2 B3 3 B B2 N BT Vo Y=Y Ea o § aE2 o) s I B

LogBmarginalRlikelihoodl= B24.703776 maxB=

mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmEqua1ltai1ed

change

Illage .
PREER_cons |ERE46. 49866l.ll8 320770RER . 450432RERE46 . 8483RRRE62 . 48236EER30 . 22105

Bvar |EE10.279460RRS5. 54146700 . 338079ERR9 . 023905RE3 . 98032525 . 43771

bayesmh O OO0O0OOO0OO0OOOO0OODODODOOOOO0OOODODOOOOODOOOOOOODODOO
gobogodoooooobobboboooooooobobbobtbayrun 000000000 OQOOODO
gogooooboooobbuooooooooobobobbbbbooodooobbbbbbbooUUogUg
nomodelsummary D000 000000000000 0O0OD0O0OO0OO0OO0OO0OO0ODOOOOOOODOODOO
googn

0000000o00o0o0oo0oo0oooUoOo0ooOooooooooMCMCOOOD 12,50000
0000000000000 2,500000000 (burn-in iterations)d 00O 10,000 00 MCMCOODO
gobooooooooooboooooooobooooooooooooboboooooboooooooooDoobooOoo
ooooMCMCOOODOOUOOOOOOOOOOOOOUODOODOO0OU0OO0ODO0OO0OO0OOOOOOExample
o0 0O
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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



