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2% . Stata~ = 2 7L -> [BAYES] -> [Intro] -> [Remarks and examples] -> [Advantages and disadvantages of Bayesian analysis]
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StatadD A AHEFE I~ F (bayesmh1 <> F)

m PN ]

bayesmh sbp age sex bmi, ///
likelihood (normal ({sigmaZ2})) ///
prior ({sbp: cons}, normal(0,100)) ///
prior ({sbp: age}, normal (0,100)) ///
prior ({sbp: sex}, normal (0,100)) ///
prior ({sbp: bmi}, normal (0,100)) ///

( )

{sigmaZz}, 1gamma (1, 1)

prior
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StataD XA XHEFT I~V K (bayes /L 74 27XV R)

m Nl
regress sbp age sex
bayes: regress sbp age sex

var 1nflation ogap fedfunds

bayes: var 1nflation ogap fedfunds
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Linear regression models

regress
hetregress
tobit
intreg
truncreg
mvreg

[BAYES]| bayes:
[BAYES]| bayes:
[BAYES]| bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES]| bayes:

Binary-response regression models

logistic
logit
probit
cloglog
hetprobit
binreg
biprobit

[BAYES]| bayes:
[BAYES]| bayes:
[BAYES] bayes:
[BAYES]| bayes:
[BAYES]| bayes:
[BAYES]| bayes:
[BAYES] bayes:

Ordinal-response regression models

ologit
oprobit
hetoprobit
ziologit
zioprobit

[BAYES] bayes:
[BAYES]| bayes:
[BAYES]| bayes:
[BAYES]| bayes:
[BAYES] bayes:

Categorical-response regression models

mlogit
mprobit
clogit

[BAYES] bayes:
[BAYES]| bayes:
[BAYES]| bayes:

regress
hetregress
tobit
intreg
fruncreg
mvreg

logistic
logit
probit
cloglog
hetprobit
binreg
biprobit

ologit
oprobit
hetoprobit
ziologit
zioprobit

mlogit
mprobit
clogit

Count-response regression models

poisson
nbreg
gnbreg
tpoisson
tnbreg
zip

zinb

[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:

Generalized linear models

glm

[BAYES] bayes:

Fractional-response regression models

fracreg
betareg

[BAYES] bayes:
[BAYES] bayes:

Survival regression models

streg

[BAYES] bayes:

Sample-selection regression models

heckman

heckprobit
heckoprobit

Longitudinal/panel-data regression models
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:

xtreg
xtlogit
xtprobit
xtologit
xtoprobit
xtmlogit
xtpoisson
xtnbreg

% ! Stata~v = 2 77 /L -> [BAYES] -> [Bayesian estimation]

[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:

bayes 7L 7 4 7 AW DEE AT K

poisson
nbreg
gnbreg
tpoisson
tnbreg
zip
zinb

glm

fracreg
betareg

streg

heckman
heckprobit
heckoprobit

xtreg
xtlogit
xtprobit
xtologit
xtoprobit
xtmlogit
xtpoisson
xtnbreg

Multilevel regression models

mixed
metobit
meintreg
melogit
meprobit
mecloglog
meologit
meoprobit
mepoisson
menbreg
meglm
mestreg

Time-series models

var

DSGE models

dsge
dsgenl

[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:
[BAYES] bayes:

mixed
metobit
meintreg
melogit
meprobit
mecloglog
meologit
meoprobit
mepoisson
menbreg
meglm
mestreg

[BAYES]| bayes: var

[BAYES] bayes: dsge
[BAYES] bayes: dsgenl
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[Remarks and examples] -

> [Bayesian statistics] -> [Posterior distribution]

-> [Intro] ->
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<)L i—EEu,\:E arawaplan }f (Markov Chain Monte Carlo methods, MCMC3%)
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2% . Stata~ = 2 7JL -> [BAYES] -> [Intro] -> [Remarks and examples] -> [Markov chain Monte Carlo methods]
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BB : bayesiZ L AMEIFEET /L (1/3)

. bayes: regress wage age

Burn-in ...
Simulation ...

St
Kt

Model summary

Likelihood: /

wage ~ regress(xb wage,{sigma2})

Hinl
I
=K
3>
=il

Priors:
{wage:age _cons} ~ normal(9,10000) (1)
{sigma2} ~ igamma(.01,.01)

(1) Parameters are elements of the linear form xb wage.

2% . Stata~ = 2 7JL -> [BAYES] -> [bayes] -> [Remarks and examples] -> [Introductory example]
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B2 : bayesiZ L AMEIEET /L (2/3)

ﬁ%éhfwmmmamﬁf\\ #yfw#4f\\

Bayesian linear regression \\ MCMC iterations = 12,500
Random-walk Metropolis-Hastings sampling Burn-in = 2,500
MCMC sample size = 10,000

Number of obs = 488

Acceptance rate = .3739

Efficiency: min = .1411

avg = .1766

Log marginal-likelihood = -1816.1432 X = .2271

 ma
E%ﬁﬁﬁﬁ//

VAR AOLIES

2% . Stata~ = 1 7 JL -> [BAYES] -> [bayes] -> [Remarks and examples] -> [Introductory example]




38 : bayesiZ L AEIFBET /L (3/3)

MCMCIRZAER = 15 A IX[E]
HE . FERE 1 IRAE

Equal-tailed
Mean  Std. dev. MCSE Median [95% cred. interval]

wage
age .4888591 .8595579 .081586 .48085088 . 2798807 .5183574
_cons 5.969669 1.737247 .043218 5.997571 2.60753 9.396475

sigma2 90.76252 5.891887 .123626 90.438802 79.71145  162.8558

Note: Default priors are used for model parameters.

2% . Stata~ = 2 7JL -> [BAYES] -> [bayes] -> [Remarks and examples] -> [Introductory example]




(1/3)

%8 : bayesi- £ AEIBETIL (XT72H> T > 2)

. bayes, gibbs: regress wage age
i .. T ®TRYLTU L SEEETEA T A

Simulation ...

Model summary

Likelihood:
wage ~ normal(xb wage,{sigma2})

Priors:
{wage:age cons} ~ normal(0,10000) (1)
{sigma2} ~ igamma(.01,.01)

(1) Parameters are elements of the linear form xb wage.

2% . Stata~ = 2 7JL -> [BAYES] -> [bayes] -> [Remarks and examples] -> [Introductory example]
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78 - bayesIC L AEINEET I (FT7XS 7Y 7)) (2/3)

Bayesian linear regression MCMC iterations = 12,500
Gibbs sampling Burn-1in = 2,500
MCMC sample size = 10,000

Number of obs = 488

Acceptance rate = 1

Efficiency: min = 1

avg = 1

Log marginal-likelihood = -1810.087 max = 1

/

NIES iy Ay s /

2% . Stata~ = 2 7JL -> [BAYES] -> [bayes] -> [Remarks and examples] -> [Introductory example]




BB : bayesiC L AEIEETIL (FT7 RS >7Y 7)) (3/3)

Equal-tailed
Mean  Std. dev. MCSE Median [95% cred. interval]

wage
age » 3999669 .0611328 .0060611 »4805838 . 2787908 »218693
_cons 6.8012074 1.8064246 .0180642 6.0008068 2.488816 9.549921

sigma2 90.84221 5.939535 .859395 90.54834 79.8132 103.0164

Note: Default priors are used for model parameters.

MEAR WYY TIHAL <. MHE & R TMCMCIERIZZE AN Uy,

2% . Stata~ = 2 7JL -> [BAYES] -> [bayes] -> [Remarks and examples] -> [Introductory example]
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BI88 . bayesmha~ > NIZ L 2M@IBETIL

. set seed 14

. bayesmh mpg weight, likelihood(normal({var})) ///

prior({mpg:}, normal(@,lee)) ///
prior({var}, igamma(1©,1©)) blocksummary

Burn-in ...
Simulation ...

/
likelihood#* "> 3 > Xepriord 7> 3 v A38E L C.
LEEEFINHZTED D,
blocksummary# 7> 3 v %1 E L T,
70y 7ICEY3EREFRT D,

2% . Stata~ = 2 7 JL -> [BAYES] -> [bayesmh] -> [Remarks and examples] -> [Simple linear regression]
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bayesgraph diagnostics {wvar}
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: Stata~ = 2 7 /L -> [BAYES] -> [Intro] -> [Remarks and examples] -> [Convergence diagnostics of MCMC]
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2% . Stata~ = 2 7JL -> [BAYES] -> [Intro] -> [Remarks and examples] -> [Convergence diagnostics of MCMC]
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[ {paraml}  {param2} {param3} ]

INT X — R DB
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175/

(bayesgraph matrix) =¥\ L T
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[ {param1} {paramZ}] [{paramB}] (7 0y oA TS 2y CRFE)

2% . Stata~ = 2 7 JL -> [BAYES] -> [bayesmh] -> [Remarks and examples] -> [Improving efficiency of the MH sampling]
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NAZHEFEIT Y FOE
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. set seed 14

. bayesmh mpg weight, likelihood(normal({var})) ///

prior({mpg:}, normal(@,lee)) ///
prior({var}, igamma(1©,18)) blocksummary

Burn-in ...
Simulation ...

Model summary

Likelihood:
mpg ~ normal(xb mpg,{var})

Priors:
{mpg:weight _cons} ~ normal(®,108)
{var} ~ igamma(10,18)

(1) Parameters are elements of the linear form xb_mpg.

2% . Stata~ = 2 7 JL -> [BAYES] -> [bayesmh] -> [Remarks and examples] -> [Simple linear regression]
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2% . Stata~ = 2 7 JL -> [BAYES] -> [bayesmh] -> [Remarks and examples] -> [Simple linear regression]
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: Stata~ = 2 7 JL -> [BAYES] -> [bayesmh] -> [Remarks and examples] -> [Improving efficiency of the MH sampling]
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Ty oA T gl L BAHE

var
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2% . Stata~ = 2 7 JL -> [BAYES] -> [bayesmh] -> [Remarks and examples] -> [Improving efficiency of the MH sampling]
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BT = — I L BUYNREZHT
. bayesmh mpg weight, likelihoed(normal({var})) ///
prior ({1}, normai(0,100)) /71 | S OBERMAHET 510,
rior({var}, igamma(le,1e)) /// 2 - o =
snmndelsummarygnchains(ﬂ-) rseed(16) / %L§&® P I\ % Eﬁfﬁj— % o

Chain 1 \\ ERHHHRED B

Burn-in ...

Simulation ... ‘U‘\/7o U \/7\\7&4 O

Chain 2 2
Burn-in ...

AN
] |
Y,
(0]

Simulation ...

03
1

Chain 3
Burn-in ...

HREE
.02

Simulation ...

01
Il

Chain 4

‘® -8
Simulation ... 1§54~

Chainl Chain2 Chain3 Chain4

2% . Stata~ = 2 77J)L -> [BAYES] -> [bayesmh] -> [Remarks and examples] -> [Convergence diagnostics using multiple chains]
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2% . Stata~ = 2 77J)L -> [BAYES] -> [bayesmh] -> [Remarks and examples] -> [Convergence diagnostics using multiple chains]
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] —_— = AN/
Gelman-Rubin IR 2T
A=/
Bayesian normal regression Number of chains = 4 . bayesstats grubin
Random-walk Metropolis-Hastings sampling Per MCMC chain:
Iterations = 12,500 . . .
Burn-in - 2,500 Gelman-Rubin convergence diagnostic
Sample size = 10,000
Number of obs ) 74 Mumber of chains = 4
Avg acceptance rate = .2275 . .
Avg efficiency: min = .07897 MCMC size, per chain = le,eee
avg = -08265 Max Gelman—-Rubin Rc = 1.0e2068
max = .08827
Avg log marginal-likelihood = -226.73271 Max Gelman-Rubin Rc = 1.002
Rc

bayesmha ¥ > K DEITHR TIL. o
RANEOARTRING, weight | 1.200783

_cons 1.e88557

var l1.282868

bayesstats grubina~ > KT
§$%H§I7&i§/__-]_\—g—% Convergence rule: Rc < 1.1
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e gibbs
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* nchains \ V \ V ,
e rseed burn-in MCMC sample
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« bayesgraph diagnostics
* bayesgraph matrix
e bayesstats grubin




Ao
& Statav =217 )L
[~V T -> [BXPDFw =27 L]  F7:0d
https://www.stata.com/features/documentation/
& TR D ZF=RN
B HP & V) iR & CHIAA W72 £ 95
(PEDHIZBADTERNERY £, )

https://www.lightstone.co.jp/stata/evaluate.html

74 X h—> ->Stata7 z EF— -> StataTIEI L O BEZRNA IHREF -> TFEHY A ESD TS0 FE LT,



https://www.stata.com/features/documentation/
https://www.lightstone.co.jp/stata/evaluate.html

	Stataではじめるベイズ統計
	目次
	目次
	ベイズ統計とは
	分析例：感染症の有病率
	Stataのベイズ推定コマンド（bayesmh コマンド）
	Stataのベイズ推定コマンド（bayesmhコマンド）
	Stataのベイズ推定コマンド（ bayes プレフィクスコマンド）
	Stataのベイズ推定コマンド（ bayes プレフィクスコマンド）
	bayes プレフィクス対応の推定コマンド
	目次
	ベイズの定理と事後分布
	事後分布を求める方法
	事後分布を求める方法
	事後分布を求める方法
	事後分布を求める方法
	マルコフ連鎖モンテカルロ法（Markov Chain Monte Carlo methods, MCMC法）
	共役な事前分布
	例題
	例題：bayesによる回帰モデル（1/3）
	例題：bayesによる回帰モデル（2/3）
	例題：bayesによる回帰モデル（3/3）
	例題：bayesによる回帰モデル（ギブスサンプリング）（1/3）
	例題：bayesによる回帰モデル（ギブスサンプリング）（2/3）
	例題：bayesによる回帰モデル（ギブスサンプリング）（3/3）
	例題：bayesmhコマンドによる回帰モデル
	目次
	診断プロット
	トレースプロットの例
	自己相関プロットの例
	ブロックオプションによるサンプリング効率の改善
	例題
	ベイズ推定コマンドの実行
	分散パラメータの診断プロット
	パラメータの散布図行列
	ブロックオプションによる改善
	複数チェーンによる収束診断
	複数チェーンの診断プロット
	Gelman-Rubin 収束診断
	目次
	Stataにおけるベイズ推定
	お知らせ

