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Vie = XieB + ¢; + uie, uze ~ N(0,02)

Vi = Vs yir, ) AR ECH

T;
filxie, i) = Hf ielxie, €i)
t=1

S

FGile) = [ FOilx edg(edde = E(f Gl D) < ST £ il ).

s=1

SRR
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Vi = gy vir,) B RASR B 29

T;
G e) = | [P Gl )
t=1

S

FGixe) = [ fOibe edg(edde = E(f Gl D) « ST £ rlie, ).

s=1

SR RERL

SRRERB: Wx ~ g(0), RE(h() = [ h(x)g(x)dx.
PR RECGEHE, (xq, x5, .., x,), X = E(x).
M3 A g (o) FEXFEHLEL (oq, x5, - - -, X))

s
h(x) =S ) h(x) - E(h(x)).
2
1 : fol[cos(SOx) + sin(20x)]? dx.
Ax ~ Uniform(0,1)

1
f [cos(50x) + sin(20x)]? dx = E([cos(50x) + sin(20x)]?).
0

BRI

. set obs 10000
Number of observations (_N) was 114, now 10,000.

. qui gen x = .
. gen n=_n

. mata

: n = 10000

mata (type end to exit)



: u = runiform(n,1)

: rmean= runningsum((cos(50*u) + sin(20*u)):72):/range(1,n,1)

: st_store(., "x", rmean)

: end

. line X n
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B In(y,) = pIn(y,_;) + In(x)p + u,

KdE: 9 =p4/(1-p) > B/A-p).
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U7 g 7

P(AB) _ P(B|A)P(A)

P(B) P(A)P(B|A) + P(A)P(B|A)
TR, WAE Ay, SHN0. THETEEERA

_ f(y19)m(P)
B, JE3e A0 o SR EREL X B30 A . f(y|0)m(0) MY il DL B74% (kernel) . FHH,
F 1O ISR R B (R 2 iR 2, m(0) MRS AR, m(0]y) NE% /7.

P(A|B) =

LR BIRBE
RGINERRIR: AR B R A L ATR A R RIE .
BEALEFEX, BUR RIS s = (1,2,-+,5), HBMERN

pij = P(Xeyy = jIX = 0),i,j €S.
ke,



P11 P12 1—a a

P21 pzz] [ 1 —'ﬁ]'
L RA] FAFAE: BENLAS E e PIRES R BTt — LPIRES . BIF— 2 LR Lk T4 &
METATEMIALE, AR T & EARIEYETA ER .

L IRBEREE: A2 S /R BIRRHE M REN LI 2 o

LR BIR#E
ﬁn%nt = (7-[1'"'!7-[5)’ ;jlz/l\nt+1 = mP.
P11 P12
T T = [ T
[Tre+1 T2e+1] = [T1e Tot] Do Pzz]

Miin = Tpyn-1P = Tepq o P? = m P™
PR IR A AR, Blr =P, nfkA i A,
n(I —P) =0, Frblnoy P AEFFRAIEE 1 X B RFAE A &

Bl FAEFEFE N

P:[0.75 0.25
0.125 0.875

A BASR H HOxH R PR3 A o (173, 2/3).

O RB R
i, MOIRESp = (0.1,0.9) 7148, 45 50 iR, I Amlksis(1/3,2/3).

. mata:

mata (type end to exit)

: K=(0.75,0.25 \ 0.125, 0.875)
: p=(0.1, 0.9)

: for (i=1; i<=50; i++) {

> p = p*K

>}

PP
1 2

1 .3333333333 .6666666667




: p*K
1 2

1 .3333333333 .6666666667

: end

O RBIR
MARZSp = (0.6,0.4) T Uf:

. mata:

mata (type end to exit)

: K=(0.75,0.25 \ 0.125, 0.875)
: p=(0.6, 0.4)

: for (i=1; i<=50; i++) {

> p = p*K
>}
‘P
1 2
1 .3333333333 .6666666667
: p*K
1 2
1 .3333333333 .6666666667
: end

L /RPEREE
XTI, PR AR . H



P=lo 1]

AIREARAE LTS Z PR oA . botn, B HEREN
[1/3 2/3 0]

1/3 2/3 0
0 0 1

LR PR EE
APM =q.pn, ﬁD%PiS-n) >0, jMirTik Caccessible) .

wEP > 0, P >0, Fil il (communicate). — 4L T ARAS I TIB K
(communicate class).

RS —ANBE RN SR BHEREERR N AR 251 (irreducible) .
M. A0S KRR R A IR .
T T BER AT, WS RRE B H X B H R B R, B4 SR DLRAEZ A

Contents
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R BERBE SR RIS 5L

o HURBLREE

e MCMC (MH #if#)

o BEMERMPIEZK S5t
Gibbs fhFE

DU vt o)A 5 T

MH FlifE

a4k 2 5 /R BLHRBE? MCMC: Gibbs i1 (Geman and Geman, 1984), Metropolis-Hastings
¥ (Metropolis et al., 1953; Hastings, 1970)

BEH 1. vy =Yy; ~ binomial(10, ), prior: 8 ~ Beta(1,1)



WAIEEO, = 0.517, %0,,,, = 0.380?

_ posterior(6,.y) Beta(1,1,0.380) X Binomial(10,4,0.380) 1307

posterior, ~ Beta(1,1,0.517) x Binomial(10,4,0.517)
6, = 0.380, %6, = 0.2867
B posterior(6,.,,) B Beta(1,1,0.286) x Binomial(10,4,0.286) _ o747
B posterior,,_ "~ Beta(1,1,0.380) x Binomial(10,4,0.380)

6511 0.747 [IHEFREL 0.286, LL 0.253 [HEZEL 0.380.

? WA AE %0, L E 4 Aii (proposal distribution).

MCMC
MH i WE 34 N f(0) (ORFRAKZSHO

(1) %5E6,, & X T E4 4iq(y|0,) (proposed distribution), Mq(y|0,)HEFEH 6,0, -
Hrp, TESA: @B 5 (b) & I8 55 /5 58 70 A1 1€ X5

(2) & XHHHEZ (acceptance probability): p(6;, 0,e,,) = min [f(a"e‘”) 9(6¢|Bnew) 1],
f(6) q(Bnewl0o)

0 — {gnew P(Ht, enew)
e gt 1- ,D(Bt, Hnew)

" . enew
Xﬁ%ﬁ‘”l‘%ﬁé Q(Qtlenew) = Q(Qnewlet)J p(ef’ enew) = min [f;(et) : ’ 1]’

g T . [f(Bnew) q(6)
ML - q(etlenew) = Q(Ht); Q(enewlet) = q(enew)r p(et' Hnew) = min 76, qgenetw): 1] °

1. izD%Q(Bt) = Q(Bnew)’ %B/Ap = min[f(gnew)/f(et)' 1].
2. UMEESMEERR, oAb RERERER, HE B es

PhST MH R

1. 5 Accept-Reject BUMIRE R, MH B3R g A — NIV, 304 97 1032301
e A et

2. MH SRR BRI BAOG, BRSO S B80T Re s L1, S BT REA
NEES

3. AR MH Bl B R AR A — A R4 BVE A



ST MH R

WPERICR: 32 MR RMEWRE R L LM, B 5K B
Ko (BHEAZRMARM G, o mIE R BERRE R RN, MH $iliFE Rl fE
BN A RS a], T CVR R o e BN E S BRI 4 4E[0.15, 0.50] 2 [H]

? U R AR RO 2 (@) FEALUEE MH #FE; (b)) &EMNAE MH $#1FE; (c) 2 EuiFE; (d)
Gibbs HHFE; ......

MH SFEFPERK, SVHRZ ARG AFRSIENRCRZA R,

&M AERE LR MH flAE
TN YE MH e 2 e R — & 1 X A R 8o, MX,, DASZIEAR 14252 26 (TAR) .
Onew = 0c—1 + e, ec ~ N(0,pEZ¢)

4 Gelman, Gilks, and Roberts (1997), BN HmMERZF N 044, 2NSH AL
%09 0.234. (pp, Z) EEHTTT RN

P = Pr-1exp[Bi(@T (AR /2) — TH(TAR/2))].

5 = (1= B)Zkoq + Bk
;H\:EP7 ARk - (1 - a)ARk_1 + a:@k.
WRIBAR A, WHRLHI 2RI IR, petta, W T RKER T 228,
XK % . R#E Gelman, Gilks, and Roberts (1997), Roberts and Rosenthal (2001),
and Andrieu and Thoms (2008), #J4fH{EHS_0 B N2.38/Vd, Hi, dERSEHINEL.
AR TN k BBz %, I RN k B P EREEM Y 7 . a € (0,1)¥5E T AR [°F

WK, B =Bo/kYs Bo € (0,1), y € [0,1]FR/RFFARIE MR EIIKF-. 7] LS HWARL
e, a=0.758,= 08,y = 0.

AT DL A5 S 3 I U R P X TR B 3 S 8 1) s /N B R R B A LR . B,
alen=100; fH/NREEXRECN 5, BRWHEEXRECN max(25, burnin/alen); %% AR 5
TAR $Ef i IR, 245

N T W57 ZREFERIEAL, Roberts and Rosenthal (2009) & 13 [f 5& i 5 25 56 B4,

I = (1 = Br)Zk-1 + BrZfixea-



Stata: bayesmh

bayesmh "] ULA T RRLR MR . BT REARLRMERY . O RRE IR . 2T RR AR
VERAY . KPR, MR A4 . R LA E CBOE LR R B EUE 340 A

D3 $5i0 (bayespredict) R 5 T- bayesmh, 1A HEH T bayes.

bayesmh depvar [indepvarspec] [if] [in] [weight], 1ikelihood(modelspec) prior(priorspec)
1levaluator(log-likelihood) evaluator(log-postdist) [options]

=R
 likelihood() + prior(): W E ISR &£ + PN B L5 AR
« llevaluator() + prior(): F & SIFIXTEAUSA & 2 + 4 BSR40 50 A
« evaluator(): F & X 25 % oA

Stata: bayesmh

AR R AL RIME A 5 L B, AR AT MBI S E A . b, RS BT
EWNSHG BRI RAE NS, BNEBE T =,

bayesmh ', 7347 FIMESHLEE B R E . oA I E S 500E i
likelihood ()R ¥ & . Eh,

e bayesmhy x1 x2, likelihood(normal({var})), £~y ~ N(by + byx; + b,x,, var)
e bayesmhy x1 x2, likelihood(poisson), F£/xy ~ Poisson(exp(b0 + bix + bzxz))

« bayesmh y x1 x2, likelihood(probit), #/ry ~ Bernoulli(®(b, + byx; + b,x;))
Stata: bayesmh

. use bintrial, clear
. bayesmh y, likelihood(dbernoulli({p})) prior({p},beta(1,1))

Burn-in ...
Simulation ...

Model summary

Likelihood:
y ~ bernoulli({p})



Prior:
{p} ~ beta(1,1)

Bayesian Bernoulli model MCMC iterations = 12,500

Random-walk Metropolis-Hastings sampling Burn-in = 2,500

MCMC sample size = 10,000

Number of obs = 10

Acceptance rate = .4517

Log marginal-likelihood = -7.8073834 Efficiency = .2739

Equal-tailed
Mean  Std. dev. MCSE Median [95% cred. interval]
p .4235852 .1358498 .002596 .4210698 .1723984 .6930029
Contents

S R RIS AL

IR FHRBE S RIS

o HUREREE

e MCMC (MH )

. HBHERNERLCHSS0
Gibbs i

DU T 2 1T 5 T

MCMC £ W7

$52 % (Acceptance Rate, AR): IRIE 4% 32 I8 % . Roberts and rosenthal (2001)\ 4,
A A 2 26 4E 0.15-0.5 Z [A].

W SIOME (2 B ik B AR 93 AT)
o EFILK (trace plot) : FHEEH HIEIE BN



o ZEIEK (kernel density) : MEFUFEAS AR EWE, HLEHS 0,
o  HAIEX

e  Gelman-Rubin (shrink factor) Gt &: £ 5 H/RBEREESATHFE, A5 A 1)~
Y72 S S ) P38 22 S NZ T A SR . 3 I LU BIRRAEURAETR 7 (shrink
factor) , YENZLHN, W4 H 1 RALT 1.1,

AR (Efficiency) Z#&E BMRHK—Mibs. KT 0.1, MAERL. KT 0.01, ™HEXK
E.

McMC 27

bayesgraph type which

Hrr, type‘fiTﬁtdiag,trace,histogram,kdensity,ac,cusum,matrix.

which tF5: _all, {[eqname:]param}
MCMC £t

. bayesgraph diag {p}

Trace Histogram
o
8+
6
o™~
44
2 -
o4
o 2000 4000 000 c00 oo © T T T T
Iteration number 0 2 4 6 8
Autocorrelation Density
0.60 ™
0.40 4 o~
0.20 M
0.00 - IT-."“ ......... ‘..‘...O-!o'!!'!ccﬂﬂ
. : ‘ . " =
0 10 20 30 40

T T T T T T
Lag 0 2 4 B 8 1



MC RS RS0t
B MCMC B3 SUREA REAT, REAS A ATRRYE 2 g

T T
§= T‘lz 6,52 = (T — 1)-12(9t _ ).
t=1 t=1

Wk MCMC £ %6%5E, J4 (Gelman etal. 2014)

1
O=572, 0. O
j=1t=1
T—1 1 T <« 1
2 - _BB=_Z 5. — 8)° =_z 2
s Wz M—l.l(ej 6);w M.lsj
J= J=

MC #iFE SRS

BT O/ HASE, FRBMEMIREZE (B RRISPRHEIRZ, MCSE) Aftdid
sINTRAG . PIRR RV B A KT (ESS) R4 (batch mean)

T
ESS = —————;Efficiency = ESS/T; Correlation time = T /ESS.
125,
T-k T-k
Vi 1 ; o 1 2
pe =55 =7 ) (6= 8) Brrc = Bivo =7 ) (6 — D).
Yo t=1 t=1

Hrb, p NEBT AR REG v NE DT E R

M BK A LLEAT R E (corrlag(), Stata SRIAEN min(500,T/2). ) BEHRIE HAHxK
Z2EETHABE (corrtol(), FRIMEN 0.01) KA W,

— S — S
MCSE(8) = ; or MCSE(§) = ——
VESS / W Ess,
MC #FES R Gttt

A RFEA



. use bintrial, clear
. qui bayesmh y, likelihood(dbernoulli({p})) prior({p},beta(1,1))
. bayesstats ess

Efficiency summaries MCMC sample size = 10,000

ESS Corr. time Efficiency

p 2298.71 4.35 0.2299

MC SRS

. bayesstats summary _all, corrlag(100)

Posterior summary statistics MCMC sample size = 10,000

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

p .4189065 .1381554 .002882 .4111325 .168179 .6951997

MC RS R GE T
Yegff (Jones etal. 2006) : #(6y,, 6050 m He, S NG . JelIf (batch

mean) AN

g,

_ 1
=23
m

]:

1 m
- \2
Sl%atch = jZ(ej - 0) .

m
J=1

MCSEpqatch (9_) = Sbatch/\/ﬁ-

m

ey



Flegal and Jones(2010)iE 8, #ARIIHK B HO(T3).

MC SRS

. bayesstats summary _all, batch(20)

Posterior summary statistics MCMC sample size
Batch size

10,000
20

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

p .4189065 .1381554 .002633 .4111325 .168179 .6951997

Note: Mean and MCSE are estimated using batch means.
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S R RIS LA
R BERBE SR RIS 5L
o LyURBIREE
e MCMC (MH )
o  BIULRHI B EZH S S
Gibbs HiFE
DU vt o)A 5 T

7 MH iR
b, St [l
y=xB+uu~ (0,62),05% ~ Inv-Gamma(a, b)

JrE MH RIS R B N T 1. ARARSEIR LR AR, AR %
THHOLI AR TR, AT RN R SR,



JrE- MH Hilii

KSH A, (x,y), BHBERNTEEZ NG, (x]y), q,(]x)-
WEYIIEE (X0, ¥o):

o HHEUEMMEYew ~ g (X]y), BERMERA

— f(xnewlyo) x Qx(xol(xnewr YO))
* f(x0|y0) qx(xnewl(xo' YO))

o HECEMbynew ~ aylx), EZME

py = f(ynewlxl) x Qy(yol(ynewrxl))
g folx1) Qy(ynewl(ymxl))

A3 MH ke
ERNTRI T, Stata [ BRI R BT 25 2500028

. use taylor, clear
. bayes, saving(mhtaylor, replace) : regress ffr L.ffr L.pi L.ygap

Burn-in ...
Simulation ...

file mhtaylor.dta saved.

Model summary

Likelihood:
ffr ~ regress(xb_ffr,{sigma2})

Priors:
{ffr:L.ffr L.pi L.ygap _cons} ~ normal(0,10000) (1)
{sigma2} ~ igamma(.01,.01)

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

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



Number of obs = 113
Acceptance rate = .3335
Efficiency: min = .04356
avg = .08301
Log marginal-likelihood = -186.89491 max = .1671
Equal-tailed
Mean  Std. dev. MCSE Median [95% cred. interval]
ffr
ffr
L1. . 8064498 .0434149 .001676 .8048175 .7167563 .8942407
pi
L1. .3976928 .087098 .00335 .3980353 .223583 .5684021
ygap
L1. .2578887 .0759919 .003641 .258645 .107127 .4120811
_cons -.0616117 .200531 .007595 -.0623522 -.4526737 .3494749
sigma2 .9037473 .1259337 .003081 .8893884 .6929364  1.179869
Note: Default priors are used for model parameters.
. est store modl
TE: 7EHH est store (RAEMLTH4E R Z AT, bayes WA saving () FRAFAEA 1) &4
Gibbs flifE
IR T HE 5 %A A se as Al ], Bl
qm(tlxl' !xM) = f(xm = t|x1! o Xm-1 Xm41 7T :xM)
i %752 S|
_ f(xm,newle “Xm—1 Xm+ T !xM) f(xm,tlle “ Xm—1 Xm+1 xM) -1

m

f(xm,tlle cXm—1Xm+n xM)

£ Ctimmew! X1, -+, Xin—1, Xongrs = X )
X2 Gibbs JiFF. Gibbs kLA 2R 5 o0 AT HEAT SRS .
Gibbs HHIFEROMEE: 100%[1135%525% .
Ko EEEFIE AT, R, R AR SRS BRI R AT DU R



Gibbs FHiFE
WBRENLAS = A, (xpye), BREEEENT(x,y)-
o HliHlx,
o t=12, By ~ FOIx), Xerr ~ fCYers)
#i: ZIRIESDAR.
Hilxy = 0. 2t =12,-, HhHK

o
Vesrlxe ~ N(U_;th, (1—,02)012)
g2 2\ 2
Xer1lYesr ~ N O__PJ’t+1; (1—p*)o;
1

AIUVEEY RRIBENIAL &5 N2 HE DL Gibbs KX Sf (i |X_m) (m = 1,2, -+, M)BEAT
HEE, Hhx_, RomBR T x, LIV E R ER R

Gibbs flFE: 211
iRy = xB +u

SRR EL: v; ~ Normal(x;8,02)
L owaiIE

B~ Mumltivariate-Normal(S,, V,)

02 ~ Inverse-Gamma(ay/2,8,/2)

bR 558 75 AT
flo?,y ~ Mumltivariate-Normal(B;, V;)
Vi =[o72X'X + V5 '] By = Vilo ™%Xy + V5 ' Bo]

a?|B,y ~ Inverse-Gamma((aO +n)/2,[6,+ (y —xB) (y — xﬂ)]/z).

Gibbs FiAE: 2= 15
1. %$Fe2O R i,

2. TEBCIRIEAR,



B®|6%,y ~ MNormal(B,V;)
B,y ~ IG ((ao +1)/2,[80 + (y — xB®)(y — xﬁ(t))]/z) .

Gibbs HlifE:

i

. use taylor, clear

. bayes, gibbs :

Burn-in ...
Simulation ...

Model summary

regress ffr L.ffr L.pi L.ygap

Likelihood:

ffr ~ normal(xb_ffr,{sigma2})

Priors:
{ffr:L.ffr L.pi L.ygap _cons} ~ normal(0,10000) (1)
{sigma2} ~ igamma(.01,.01)
(1) Parameters are elements of the linear form xb_ffr.
Bayesian linear regression MCMC iterations = 12,500
Gibbs sampling Burn-in = 2,500
MCMC sample size = 10,000
Number of obs = 113
Acceptance rate = 1
Efficiency: min = .9539
avg = .9849
Log marginal-likelihood = -186.84401 max = 1
Equal-tailed
Mean  Std. dev. MCSE Median [95% cred. interval]
ffr
ffr
L1. .8072651 .0443575 .000444 .8071702 .7203961 .8947774
pi
L1. .3984596 .0892444 .000892 .398595 .2208014 .5715274
ygap
L1. .2602214 .0756185 .000756 .2597978 .1120771 .4083866
_cons -.0706846 .195486 .001984 -.0697387 -.4545969 .3162705




sigma2 .9039901 .1246499 .001276 .8923206 .6947758 1.184623

Note: Default priors are used for model parameters.

Gibbs L

FIPESER: KRR S A IR E — AR ILPESE R TR T S8 R 5
AT SIRG i F & — AR

ZeMEmIH: y =xB +u,u ~ (0,0%). B ~ Multivariate-Normal, 6 ~ Inverse-Gamma.

Probit [])9: P(y = 1) = @(xB). B ~ Multivariate-Normal.
R MH HiFEA Rk

215 H Gibbs Hik
P EEAFE A B (nemesize () BABEFEAE (burnin()); [AIFREUE (thinning())

BHsER i (prior()): ARMRDAMKISEICE RN, SR, Bk
B B BURREX T (Hbin 0-1) 2.

BOE RS HIA6E

WS HIIAINE,  HEAT 20 B (block ()

Stata

bayesopts note

nchain(#) BEMIANEL BRIMECN nchain(1)
mcmesize(#) MEFUMEAE, BRIAMEN memcsize(10000)
burnin(#) ERINEN burnin(2500)

thinning(#) [AIf&%k, ERIMECN thining(1)

rseed(#)
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R BERBE SRS RIS ASLAL

o HRBLREE

e MCMC (MH #hiff)

o  BILRH B EZH S5
Gibbs fliF
MH-Hrit- B4 5

Stata: bayes
bayes [, bayesopts] : estimation_command |, estopts]

bayesopts note
normalprior(#)  [BlJH REH IERSele /A st 2, BRNMEN 100 (U729 10,000)
igammaprior(# [ AT ) 77 ZE ) 5656 /0 Afi . inverse-gamma 4347 (shape, scale), R

#) IMEN igammaprior(@.01 0.01)
prior(priorspec) H O E LI
gibbs & T regress, mvreg &5 7

Hrp, priorspec B N: {[eqname:]param|, matrix]}, priordist. LU,
prior({lwage:educ}, normal(@, 9)) prior({lwage:age}, uniform(-3,3))
mvec (1,0,2)

vmat = I(3)*100
prior({lwage:}, mvnormal(3, mvec, vmat))

Stata: bayes
Stata XA AR (AN [F 2R Y (M S 80 B T AR R S 56 40 A
(B U3 R B 5656 3 A BRI S I IEA 3 AN (0, 02,40, ), FeP02,40, = 10,000,



o TEZHUENM T, N(0,10,000)s2 15 2 (uninformative) , {HunRAGTHEIEUE
3F:%j( CEbdm 2000) M2brtfEZE 100 2UPREHER®ENE S (informative)
X, #FEE @S normalprior() i & 265604 1 )T %

o SRR, T LA B S 0 i A LA AN LA I

IEEMSE (bandr ) BRNSEE 5346 N Inverse-Gamma(a, ). BRME Na = 0.01, 5 =
0.01.

DU SR R

. use taylor, clear
. bayes, gibbs : regress ffr L.ffr L.pi L.ygap

Burn-in ...
Simulation ...

Model summary

Likelihood:
ffr ~ normal(xb_ffr,{sigma2})

Priors:
{ffr:L.ffr L.pi L.ygap _cons} ~ normal(0,10000) (1)
{sigma2} ~ igamma(.01,.01)

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

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

Number of obs = 113

Acceptance rate = 1

Efficiency: min = .9491

avg = .9898

Log marginal-likelihood = -186.86974 max = 1

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

ffr
ffr
L1. .8061786 .0438886 .000439 .806048 .7197456 .8916158

pi



L1. .4004203 .0878048 .000878 .3996643 .2285947 .5742032
ygap
L1. .261852 .0738843 .000739 .2616932 .1124488 .4088988
_cons -.0689398 .1941942 .001922 -.0680123 -.4544787 .3127534
sigma2 .903169 .1246849 .00128 .8932442 .6902638 1.177074

Note: Default priors are used for model parameters.

DU S A

T ZHOEHENLE), MCMC B BITME . Ik, oo A IMMEAAAET DN TIME .
AREANKIFEA, FENT x NFEFE.

yi = xl'ﬁ + ui,i = 1,2,"',N
B = (BW,BD, ... p10)
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JUH-Er : Stata
bayespredict {_ysim#[numlist]}
numlist € XS WRLEULIAE BEAT T . 43 21 1) 000 45

o A EM N NHMASE: ysim1_1, _ysiml_2, .., _ysimi_N, R/~ 1 DNHEFE 1.
2+ v NCSULIUAE FR) TN AL B

o HZEN: residl 1, residl 2,.., _ysiml N, F/RHE 1 NHEPZE 1. 2. ..o N
AN Z2 ) T AR &

e  IMEA: _mui_1, _mul 2, ... _mul_N, FRRHE1ADFEPE 1. 2. ..o N DMHEE
1) N A% B



Stata fR#E bayesmh 1 1ikelihood()EY bayesmh T & I H & iH R HASEE . Eean, 2 i
AN T2 € RABL -

i é)%‘ﬁ@”ﬂ ’U_l(t) = xiﬁ(t)
e Probit: u = exp(x;8®)

bayespredict W EEH] T bayesmh, TAHEH T bayes.
DU

. use taylor, clear

. qui bayesmh ffr 1.(ffr pi ygap) in 1/-6, likelihood(normal({var})) prior({ff
r:}, normal(10)) prior({var}, igamma(©.01
> , 0.01)) saving(taylormh, replace) rseed(123)

. bayespredict {_ysim} in 110/114, saving(taylor_pred, replace) rseed(16)
Computing predictions ...

file taylor_pred.dta saved.
file taylor_pred.ster saved.

. describe ysiml 110 ysiml 111 ysiml 114 using taylor pred

Variable Storage Display Value

name type format label Variable label
_ysiml_110 double %10.0g Simulated ffr, obs #110
_ysiml 111 double %10.0g Simulated ffr, obs #111
_ysiml 114 double %10.0g Simulated ffr, obs #114

DU Hr Bl
BUIMR 5 SOLRE S84

. bayesstats summary { ysim[110/114]} using taylor_ pred

Posterior summary statistics MCMC sample size = 10,000




Equal-tailed

Mean  Std. dev. MCSE Median [95% cred. interval]
_ysiml_110 5.447771 .9888649 .011341 5.450288 3.480159 7.397394
_ysiml 111 5.510331 .9842391 .009942 5.505292 3.574745 7.416676
_ysiml 112 5.352498 .9961558 .010243  5.353572  3.380797 7.32326
_ysiml_113 5.290157 .9758961 .009759  5.300427 3.386443  7.218715
_ysiml_114 5.181558 .9752148 .010116 5.192345 3.261653 7.076171
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(bayestest interval),

AANE Vas Yaz Yas Yas Ysa mean min max

observed 2.9 2.9 2.9 2.9 2.9 = 2.9 2.8 2.9

simulated| 5.81724 1.68942 3.93164 5.10653  6.3661 4.42038 1.68042  6.3661
3.21664 2.61576 6.89439  4.5356 -1.49672 3.15313 -1.49672 6.89439
2.64348 5.82413 3.15353 ©.339442 1.79671 = 2.75146 ©.339442 5.82413
£.07006 3.68248 4.83834 4,89328 5.27929 5.37287 3.68248 8.07496
7.24218 4.91776 4.12351 4,59013  3.0464 4,804 3.9464  7.24218

000 1500 - 50|
1 1
1500 1000 : 1000}
1 1
1000 . .
500 : 500 |
500 . |
1 1

| ,
6 -4 -2 0 2 4 & 2 4 6 8 10 12 14

DU S A

. bayesstats ppvalues (mean:@mean({ _ysim})) (min:@min({_ysim})) (max:@max({_ysi
m})) using taylor pred

Posterior predictive summary  MCMC sample size = 10,000

T Mean  Std. dev. E(T_obs) P(T>=T_obs)



mean 5.356463 .4496118 5.214667 .6276
min 4.211609 .6729031 5.073333 .0896
max 6.504275 .6754822 5.256667 .979

Note: P(T>=T obs) close to © or 1 indicates lack of fit.
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