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1. 0000D0O00oon

bayesmh 00 O0O0O00OO00O0OD0OOODOOO0OODOOODOOODOOO0ODLOOOODOODOODOODbOOOO
00000000 O0adaptive 0 MH (Metropolis-Hastings) MCMC (Markov chain Monte Carlo) O 0O 0O O
00000000000000Do0o0o000C0000000 1ikelihood) ODOOOOO prior() 0ODOO
gobooooobooboobbooboobooobooboobobooboobbooboobbooba
000 evaluator() 00000000000 DOOOODOO [BAYES] bayesmh evaluators 00000
oogd
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00000 MCMCOOOOOOOOOOOOODODOO vpayesgraph D0 OO00O00O0O0OOOO
bayesstats essJ0000D000000000OO0DOOO (effective sample sizes) 00000000000
OO0O00O000b0oob0obob0ooboboobob0oOobb0OOObayesstats summary 00000000 O00OO0
boooooobooboboobooobOoOoobOoobooobobooboboOobOoOgbOdbayesstats icO0O0O
0000000000000 00 (Bayesian information criteria) 00000 O (Bayes factors) 00000
U0b00000O000b0O00b00000b0000000 bayestest modelOOOOOOO0DOOOOO
000000 payestest interval UOOOOO0OO0O0OO0O0O0O0OOO

godddddooooooooooooobobobobooboboooddddoooooooooooo
[BAYES] bayesmh (mwp-2/0) 000000000

2. 000000

0000 ExampleOOOODODO oxygen.dtaJO0OOOOODOODODOOOOCOCOOOOOOOOOOOO
0000000000000 0000 2000000000 — step aerobics 1200000000 outdoor
running 1200 — 0000000000000 O00OOOCO0O 12000000000000A0 “aerobic”
0“unning’0000000000000OOCOOOODOOOOl/ 0000000000000 0OODOOOODO
oooooooooo

. use http://www.stata-press.com/data/r14/oxygen.dta *!
(Oxygen Uptake Data)

. list, separator(6)

change group age agexgr
1. -.87 Runni ng 23 0
2. -10.74 Runni ng 22 0
3. -3.27 Runni ng 22 0
4. -1.97 Runni ng 25 0
5. 7.5 Runni ng 27 0
6. -7.25 Runni ng 20 0
7. 17.05 Aer obi ¢ 31 31
8. 4.96 Aer obi ¢ 23 23
9. 10. 4 Aer obi ¢ 27 27
10. 11. 05 Aer obi ¢ 28 28
11. . 26 Aer obi ¢ 22 22
12. 2.51 Aer obi ¢ 24 24

*1 00000 O0File > Example Datasets [> Stata 14 manual datasets 0 O 0 OBayesian Analysis Reference Manual [BAYES)]
0 bayes 0OOOO0O0O0000000O
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00000000 changeOOOOOO0OO0O0OO0O0O0O00O0O0O00O0O0O00O0O0O0O0O0O00O0COO0 groupO
0 0: running, 1: aerobic)0 000000000 age00 000000004 00000 ageXgrOOOOO
age#group 00O ODOODOO

Kuehl (2000) O ANCOVA (analysis of covariance) 0 000 0000000000000 O000DOO
change = ﬁO + Bgroup group + ﬁage age + ¢

0000DD00000000000 e0000 00000 ¢?20000000000000000000000
000000000000000 Hoff (2009) 0000D0OOODO

> Example 1: OLS

000 OLS (ordinary least squares) 000000 regress 0000000000 ODOO0OODO

. regress change group age ™

regress change group age
Sour ce SS df MS Number of obs = 12
F(2, 9) = 41. 42
Model 647.874893 2 323.937446 Prob > F = 0. 0000
Resi dual 70. 388768 9 7.82097423 R- squar ed = 0. 9020
Adj R-squared = 0. 8802
Tot al 718. 263661 11 65.2966964 Root MSE = 2.7966
change Coef . Std. Err. t P>| t] [95% Conf. Interval]
group 5.442621 1.796453 3.03 0.014 1.378763 9.506479
age 1.885892 . 295335 6. 39 0. 000 1.217798 2.553986
_cons -46. 4565 6. 936531 -6.70 0. 000 -62.14803 -30. 76498

0000000 group, age 00 0000O0O00O0O0COOOOCOOOOOOOOOOO

000 group 00000000 Dp000.0140000000000 5% 000000 Ho: Peroup =000
gboboboooooobuobobuopbbobOobOoboboooboboobobOobOobobboooon
ooooooooooooOooooooooOoOoooooOooOooOoOoOooooooOoooO0Oooon t=3.030
000000000000000000000000 14%0000000000000000000000
Ugbdpb0bO0obOobo0ooboobOobobobobooboboboobooboboboooboobOobooooo
gogboopoobooboobboobooboobbooboobbooboobbooboobobooobba
goooooobooboobooboobdoobooobooboobbooboobbooboobboobobo
O0O00o000o00o0oo0oooodExample 800

*20000000 Statistics > Linear models and related > Linear regression
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0000 (CIL confidence intervals) 0 pO000000000000D0000DD00O00OOO0O groupD
00000000000 DO0O0oD0oO 9%%CIo(1.38,951]0000000000000DOO0ODOOO 0D
0000000000 groupd change 00000000000 DODDOODODOOOOOOOOODO 95% CI
oo0oooooooOo0o0ooooooooooooooo cloopoooooooooooobooooOoo
09%0000000000000000000000000growp0000OO0DODODOO [1.38,9.51]00
o0ooo0o09%0000000000000000000 00 100000000O000000O000O0O0O00
0000 Clo0D000000D0D00D00D0000 growpD0DOO0DOODOODOO [1.38,9.51)
0000000000000 0000000000000O00000O00000O0000DO00O00BD0O
000000000000000000000000000000Example 8§00 <

> Example 2. DO0O000O000O (1)

Example 10000000000000O0O0O0O0OQOOOOODOOOO0OO0OOOOOOOOOOOOOOOO
gobooooooooooooobooobobooobooooboooooooooDbooobboOooboooo
goboooobooooboooooboooobobooobooooooooooooooooooOooboOooon
goboooobooooooooobooOoooOoboOoOobOoOoOooOooOoOoooOoOoOoOoDOOoOobOobOboOoOoboOoOooon
gobooooboooooooooboooooboooboooooooooboooDboOoo

goobobobooooooooobogooboboboboooboooobooboboboboboboooooo
gobooobooboobbooboobbooboobooobooboobbooboobbooba
gobooooboobooooboboobboobbooboobbooboobbooboobo

U000 oxygen.dtalUDODODO0OOD0OOODOOODOODOOODOOODOODOODODOOODOOOO
pgootbdddddooooooooobobobbbobobobbobbbdddddooooUuoUo o
0000000000000 D000000Example /000000000000 0O0OO 40000000 —
J000000000000000 —0O00000000000000 changeOOOOOODOODOODO
00000000000 noninformative O Jeffreys prior 000 00000000000 Jeffreys prior OO
00000000000000 (joint prior distribution) 00000000000 OOOOOOOO
g ooooD
change ~ N(Xg,0?)
1
(ﬁ70-2),\‘72
o

000 XODO0O0O (design matrix) 0080000000 (Bo, Beroups Bage) 0000000
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O00000000000000 bayesmhO0OOO0O0O0OOO0OO0OOO0OO0O0O0O0O0OODOOOOOOO
ooboopoooooooon

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

gbooboobooboobouoboobobooobouobouboboobOobod changeJ O OO group, age
O00O0O0D0D0D0O vayesmthOOOOOOOOOOODDOOODODOOOOOOOOOOOO likelihood()
0000000000000 0000 priorO 000O00O0OODODOOOOO

0000000000000 {}0000000000000000D00000D00000D0O0 bayesmh O
goboooboooboooobooobobobooboobooboboobo0oboobooboboobOooo
0000000000000 0O000D00 {var}00000DDODO0O0OODOOOOD3000D0O000DO
O {change:group}, {change:age}, {change: cons} 0000000000000 OOOOOOOODO

0000000000000 0000000000000 bpayesmhOOOOOOO buit-inOOO0O0OOOO
0000000000000 0000000000000 (evaluators) 000000000000 OOOO
[BAYES] bayesmh evaluators 00 000000000000 O0O0O 1ikelihood) OO OO OODODO
normal({var})DI:IDI:I[ID[IDDDDDDDDDDDDDDDDDDDDD {Var}DDDDD[ID[ID[I
0000000000000 00000000000000000000000000000 change OO
0000000000000 00300000000000 prior({change:}, flat) DO0DO0ODODOODO
ooogi10o fla‘tpriorDDDDDDDDDDI]DDD{change:}DDDDDDDDDDDDDDDDDD
goo0o0oO0oO0oO0oO0oOoO0oOOOOOOOOOOOOO0OO0OO0OO0OO0OO0OO0OO0OO0OOO0OOOOOOOOOOOOOOn
gooooooon {var}l]l:l[ll]l] prior jeffreys 00 0000000000000 O0OOODOOOO
1/0200000000000000

OO0D0OO000OvayesmhOOOOOOOODOOOOOODOOODOOOOOOOCOOOCOOOOOOODOOO
0000000000000 000000O0O0bayesth D0 OO0 MCMCOOOOOOOOOOOOOO
O00000000000000seedJ000000000000O00000O00D0O0O0O seed0OO0O
ooooooooo
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. set seed 14

e Statistics > Bayesian analysis > Estimation 0 00O
e bayesmh 00 00O 0O: Model O O: Syntax: Univariate linear models

Model: Dependent variable: change

Independent variables: group age

Likelihood model: Continuous —> Normal regression

Variance: {var}

Priors of model parameters: = Create. ..

[5] bayesmh - Bayesian regression using Metropolis-Hastings algorithm

| Model | Model 2 [ it/in | Weights | Simulation | Adaptation | Reporting | Advanced

Sk

| Univariate linear models

todal
Dependent wariable: Independent varisbles:
change [=]  erouwp aee
| Suppress constant terms
Likelihood model
Continuous Wariance:

== Expanential regreszion
Dizcrete
--* Probit regreszsion
--2 Logistic regression o
—-—# Binomial regreszon with logit link
== Ordered probit regresson
== Ordered logistic regression
==+ Poigson regrezzion
Gener ic ) )
- Dbzervation—level ke likelhood

Prices of model parameters

Create_

Edit
Dizable

Enable

Press “Create”™ to define a prior diztribution

| Show model summary withaut estimation

" Narmal reeression Fvar]
--* Lognormal regression

9 QxR [ oK) [ Gancel

| [ Submit |

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

Choose a prior distribution: Generic —> Flat prior

-
(=] Prior 1

Parameters specification:
[change:]

Choose a prior distribution:

Urirvariate continuous

—= Mormal diztribution

—=» Lognormal distribution

== Uniform distribution

== Gamma distrbution

== Inwverse gamma distribution

==+ Expanential distributian

—-» Beta distribution

—-» Chi-squared distribution

== Jaffrevs prior for variance of normal distribution
Multiesriate contiruous

==& Multivariate normal distribution

-=7 Multivariate normal distrioution with zero mean

—-» Zelner's g-prior

==» Zallner's g-price with zero mean

==> Wighart distribution

== Irwerse Wishart distribution

= Jefireys prior for covariznce of multivariate normal

Digorete

== Barmoulli diztribution

== Digcrete index distribution

== Poizson distribution
Gener ic
| —+Flat prior withadensy ot 1) |

== Ganeric denzity

==» Generic log density

e LFIJ

Lok

Cancal |

02 Priorl00000O

e bayesmh JO0000: Model OO

Prior 2: Parameters specification: {var}

Choose a prior distribution: Univariate continuous —> Jefreys prior for ...
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bayesmh change group age, |ikelihood(normal ({var})) prior({change:}, flat) pr
> jor({var}, jeffreys)

Burn-in ...
Sinmulation ...

Model summary

Li kel i hood:
change ~ normal (xb_change, {var})

Priors:
{change: group age _cons} ~ 1 (flat) (1)
{var} ~ jeffreys

(1) Parameters are elenments of the linear form xb_change

Bayesi an normal regression MCMC iterations = 12, 500
Random wal k Metropolis-Hastings sanpling Burn-in = 2,500
MCMC sanpl e size = 10, 000

Nunmber of obs = 12

Acceptance rate = . 1371

Efficiency: mn = . 02687

avg = . 03765

Log marginal |ikelihood = -24.703776 max = . 05724

Equal -t ai |l ed
Mean Std. Dev. MCSE Medi an [95% Cred. Interval]

change
group 5.429677 2.007889 . 083928 5.533821 1.157584 9.249262

age 1.8873 . 3514983 . 019534 1.887856 1.184714 2.567883

_cons -46. 49866 8.32077 . 450432 -46. 8483 -62.48236 -30.22105

var 10. 27946 5. 541467 . 338079 9. 023905 3. 980325 25.43771

bayesmh O UOO0OO0OO0OO0OO0O0O0OO0O0O0ODOODODOOOO0OOOODODOOOOO0ODOOOOOOODODOO
googooooooobobbbobooooooooobbbobtbayyrun 00 00O00O0OO0OOODODODDO
gooooobobobbbooooooooobooboboobobobbobooooooooobobobbbbbooooooa
nomodelsummary J 0000000000000 0O0000O00O0000OO0O0O0DO0OOOODOODOODOO
gooon

O000000ooO0O0O00000ooooODOO0o0oooooooODoOOoOoOoMCMCOOOO 12,50000
0000000000000 2,500000000 (burn-in iterations) 00 00 10,000 00 MCMC 00O
goboooooooooboooooboooobooboooooooOooOooOoobOo0oOoboboOoobooooobooboOoon
ooooMCMCOOODOOOOODODOOOODOOOOODOOOODDOOOOO0DOOOOOODOExample
o0 0O
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000000000 (acceptance rate) 00O (efficiency) 0000000000000 DOOODOODOODO
g ooobobbbobbobbobobbobdddddoooooooo o
000 0.1400000000000000 10,000000000000 4% 00000000000000
000000000000 0MHOOOOOOOO0OO0OO0O00O0050% 000000000000 30% 000
000000000000000000000 10%00000000000000000000000000
0000000000000 000 W% 0000000000000 00o00000o0ooooooooo
0000000000000 oD00oMHOOODOOOODOOOD MCMCOOOODOODOODOOODO
000000000000 0ooD 10% 000000000000001% 0000000000000000
JooooooooooooooooooodMCMCsampler 0000000000000 O0OOOOOOO
0000 ogg [BAYES] bayesmh OO OO OO “Improving efficiency of the MH algorithm——blocking of
parameters’0 0000000

000000000000 0000000000000000000Mean 000000000 (posterior
means) 0000 — 0000000000000 DOOOO (marginal posterior distributions) 0000 —
000000000000 D0d 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
gooooobooboooobooboobobooboobbooboobooboboobboobboobo
O Example 8 0 O [

00oooooooooo MCMCOOOUOOOODOOOO0O0DO0O0DODOOO0000OO0O00OO0OOOO Example
of0000DOO0 <

*3 0000 (mixing quality) 0000000000



Statal/ whitepapers

> 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: OO0 OO0

ooboooooooooo

> Example 8: 0000

oobooooooooooo

> Example 9: 000000000 OOOOOOODO

oobooooooooon

10



