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T2 (Union) RETLMR, RFEHN L AREEEN O

FAZ (Looks) W f14a H HIARSIR 51 J39EAr, 73 TLAMSIK (1=homely,
2=quite plain, 3=average, 4=good looking, 5= strikingly
beautiful or handsome)

HEME (Educ) DMFERRERZHERE

2205 (Exper) WTEM TAERER (DMFEIRER), & CNFRINEZHEF
MRIRZ 6 (BEFREE MM 6 2 ITR)

Lot (Female) #EBI, LHEAFRN 1, BHEFFRN 0

@ HEIRIL (Goodhlth) 1= R, 0= ASfE g

G5UH (Married) 1= CU4, 0= KRIF

SR (Bigeity) 1= KR, 0= kT
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beauty <- read_csv("F:/Teaching/Rdata/beauty.csv")
out_looks <- 1lm(wage ~ looks, data = beauty)

summary (out_looks)

call:
Im(formula = wage ~ looks, data = beauty)

Residuals:
Min 1Q Median 3Q Max
-5.452 -2.737 -0.997 1.453 71.108

Coefficients:

Estimate Std. Error t value Pr(>|t|)
(Intercept) 5.1139 0.6242 8.192 6.24e-16
Tooks 0.3744 0.1916 1.954 0.0509 .

Signif. codes: 0 " 0.001 S 0.01 F0.05 0l -k

Residual standard error: 4.655 on 1258 degrees of freedom
Multiple R-squared: 0.003027, Adjusted R-squared: 0.002235
F-statistic: 3.82 on 1 and 1258 DF, p-value: 0.05088
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beauty <- beauty %>%
mutate(looks_dum = as.factor(looks))
out_looks <- 1lm(wage ~ looks_dum, data = beauty)

summary (out_looks)
call:
Tm(formula = wage ~ looks_dum, data = beauty)

Residuals:
Min 1Q Median 3Q Max
-5.485 -2.700 -0.950 1.401 71.421

coefficients:

Estimate std. Error t value Pr(>|t|)
(Intercept) 4.6215 .2894 .584 0.000351
Tooks_dum2 .7073 L3471 .525 0.599663

273

Tooks_dum4 .6778 .3122 .279/0.
.098477 .

Tooks_dum5 2.7669 .6733 .654

Signif. (codas: @ “EE=SUQ QO] EE=tinl 0] S=fgI0h g o s ]

0]

o]
Tooks_dum3 .8831 .3009 .447 0.148020

0.2

0

Residual standard error: 4.649 on 1255 degrees of freedom
Multiple R-squared: 0.008163, Adjusted R-squared: 0.005002
F-statistic: 2.582 on 4 and 1255 DF, p-value: 0.03574
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call:

Im(formula = wage ~ educ + exper + looks_dum + union + goodhlth +

black + female + married + bigcity, data = beauty)

Residuals:

Min 10 Median

-6.734 -2.100

Coefficients:

=053

Estimate

(Intercept) -1.
.41725
.07652
.50555

Tooks_dum2
Tooks_dum3
Tooks_dum4
Tooks_dums

. codes:

HFONOOONKEEKROOO

74556

28107
35854
79617
65351
02916
15918
26688
77785
36503

0

3Q

Max

1.146 71.653

SEd

O0O0OO0OOCORKKEKROOR

Error t value Pr(>|t|)

.37754
.04721
.01068
.20934
.16909
.18415
.50702
.26745
.47602
.46238
.26638
27492
.29063

0.

.267
.839
.162
.418
.096
.147
.855

|
ONRFRRKFRON®

0.20534
< 2e-16
1.35e-12
67599
.27338
.25149
.06377
.01468
.95116
.73071
2e-16
.00474
2.94e-06

opAOO0OOCOOCOO

SR oA o

Residual standard error: 4.147 on 1247 degrees of freedom

Multiple R-squared:
F-statistic: 28.62 on 12 and 1247 DF,

0.21
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hist(beauty$wage, xlab="wage", probability = T,
main = "Histogram of wage")
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hist(log(beauty$wage), xlab="wage", probability = T,
main = "Histogram of log(wage)")
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out_log <- Im(log(wage) ~ educ + exper + looks_dum
+ union + goodhlth + black + female
+ married + bigcity, data = beauty)

summary (out_log)

call:
m(formula = Tog(wage) ~ educ + exper + Tlook_dum + union + goodhlth +
black + female + married + bigcity, data = beauty)

Residuals:
Min 1Q  Median 3Q Max
-1.37855 -0.30460 0.00564 0.28476 2.84543

Coefficients:
Estimate std. Error t value Pr(\\t )
(Intercept) 0.276382 .1562 .769
.067074 -005355 .525
exper .012860 .001212 .610
Took_dum2 .150341 .137193 .096
Took_dum3 .275556 .132627  2.078
Took_dum4 75103 .134335
Took_dums .420596 .170963 .460
union .182004 .030341
.070962 .054001
.108573 .052454
.419692 .030220
.061428 .031188
.182370 .032971

signif. codes: 0 ° 0.

Residual standard error: 0.4704 on 1247 degrees of freedom
Multiple R-squared: 0.3799,  Adjusted R-square
F-statistic: 63.65 on 12 and 1247 DF, p-value: < 2.

Wang Shujia (Shenzhen University) Bayesian Statistics 16 / 87



ZWiE (out_log): 4 in 1

Residuals vs Fitted Normal Q-Q
® 7 0603 4 6030
~ 2 o
E 1 ots
° ?
g - s
=} B -
g 8
& ]
o o g
£ i
2]
o
0.0
T T T T T T T T T T T T
05 1.0 15 2.0 25 -3 -2 -1 0 1 2 3
Fitted values Theoretical Quantiles
Scale-Location Residuals vs Leverage
& o603
i 0603
o
g S g
H s
5 i
T oo s
s
s 7| — g oA
g 8
2 o @
o 7 |
6400
Cook's distance
e
© T T T T T T T T
05 10 15 20 25 0.00 0.02 0.04 0.06 0.08 0.10
Fitted values Leverage

Wang Shujia (Shenzhen University)

Bayesian Statistics

17 / 87



(1 R e EISE it

© VUM UR R AR FE i

© It 2 e EEEARL: WinBUGS
Q VintiiZ e R AL RStan
© /1l bayesplot HBEAT A HHAL

Q St iE



Outline

© Vit rL i mAREAY . HiS
o UM MLR 5%y

Wang Shujia (Shenzhen University) Bayesian Statistics 19 / 87



DU 22 o et [l YA AR A

() gy R AR & A -

yin(,ui,aQ), (i=1,...,n)

|

pi =z P+ zigBe + -+ xipfBp

%EJP

Yy~ Nn(XIB7‘72In)
() HhHRIMESE 0 = (B8,0%)T W3/

0 = (8,0%)" ~n(6),
(=) JFWAnN

p(0]X) oc w(0)L(6)

Wang Shujia (Shenzhen University) Bayesian Statistics 20 / 87



24550 B DL MLR #5282

O NHEMAERZ utt:nlIH OK:
» WL
> TR 5 58 4T A2
Q@ NITEE VM- ik A id
O B RD. TT LA JeI0 A5 BB HE W ) v
@ MARMBBEA AL S tE . 255 IR . U3 7 vk 1 P
0 NRAFIER M. WHEET LEERE (WERS A, s
Fafidt)
0 EKER., MM-Hirkddsd MCMC &2 T H (40 DSGE 1A

Wang Shujia (Shenzhen University) Bayesian Statistics 21 /87



© VMR Z C R R TR, Hig
o DI MLR &Y
o TLIE RN
o ILHESELG
o Zellner G-446



Tl Bk

B
y|B,0°, X ~ N(XB,0°I,)
Hoi: Jeffreys Tofs B 5L

(B,0%) ox o™
Bk
Box1(—00<f<+00), 02 x1/0? (6 >0)
LR

@ WinBUGS HHIESAHARNIRREE 1 =1/02, MARLTE o2

Wang Shujia (Shenzhen University) Bayesian Statistics 23 /87



Tl Bk

B
y|B,0°, X ~ N(XB,0°I,)
Hoi: Jeffreys Tofs B 5L

(B,0%) ox o™
Bk
Box1(—00<f<+00), 02 x1/0? (6 >0)
LR

@ WinBUGS HHIESAHARNIRREE 1 =1/02, MARLTE o2
Q Stan FHIESH WA HIEREE o

Wang Shujia (Shenzhen University) Bayesian Statistics 23 /87



Tl Bk

[ Eith
y|B,0°, X ~ N(XB,0°I,)
Hoi: Jeffreys Tofs B 5L

(B,0%) ox o™
Bk
Box1(—00<f<+00), 02 x1/0? (6 >0)
SRR

@ WinBUGS HHIESAHARNIRREE 1 =1/02, MARLTE o2
Q Stan FHIESH WA HIEREE o
Q LfFEImfE e

Wang Shujia (Shenzhen University) Bayesian Statistics 23 /87



Tl Bk

[ Eith
y|B,0°, X ~ N(XB,0°I,)
Hoi: Jeffreys Tofs B 5L

(8,0%) xo™?
&
Bx1l(—oo<f<+00), 020<1/02 (0 >0)
SR PR R
© WinBUGS HHIEESRMAHMERE 7= 1/02, ARG ZE o2
@ Stan FHIERD A H I RIFEE o
Q Lf5 B4R E
o WH B; ~ N(0,107?) 5 B; ~ dflat()

Wang Shujia (Shenzhen University) Bayesian Statistics 23 /87



Tl Bk

[ Eith
y|B,0°, X ~ N(XB,0°I,)
Hoi: Jeffreys Tofs B 5L

(8,0%) xo™?
&
Bx1l(—oo<f<+00), 020<1/02 (0 >0)
SR PR R
© WinBUGS HHIEESRMAHMERE 7= 1/02, ARG ZE o2
@ Stan FHIERD A H I RIFEE o
Q Lf5 B E:
o WH B; ~ N(0,107?) 5L B; ~ dflat()

@ WEMLK: 7=1/0> ~ Gamma(1073,1073), B
02 ~ IG(10%,10°%)

Wang Shujia (Shenzhen University) Bayesian Statistics 23 /87



Tl Bk

[ Eith
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Hoi: Jeffreys Tofs B 5L

(B,0%) ox o™
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SRR

@ WinBUGS HHIESAHARNIRREE 1 =1/02, MARLTE o2
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@ WM B ~ N(0,107%) 5 B; ~ dflat()
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o2 ~ IG(103,10%)
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c+1
1 1 . .
Bty X) = oty (0= 005+ (B~ BT (X" X)(B - )
B, H e — oo I, SIS EX S AE T IEEITE R T .

Wang Shujia (Shenzhen University) Bayesian Statistics 33 /87



(1 R e EISE it

© VI Z R PR ik

© UM £ TR ERIAREAL: WinBUGS
Q VintiiZ e R AL RStan
© /fl bayesplot BHAT R4

Q St iE



UIgh iR CAEIVEY . L W ¥ S et

K7

log(wage); ~ N(pi,0”)
wi = Bo + Breduc; + Baexper; + B3 female; + Bamarried;
TeAs B A5 oA -

Bi ~ dflat(),i=0,1,2,3,4
02 ~ 1G(10%,10%) B 7 = 1/0? ~ Gamma(0.001,0.001)

Wang Shujia (Shenzhen University) Bayesian Statistics 35 /87



iz R2WinBUGS %%
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© 0
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b BARAED (ORAFEN.bug U

modelq{
#Likelihood:
for(i in 1:N){
y[i]l~dnorm(mul[i], tau)
mul[i]<-betaO+inprod(betal[l:np]l,x[i,1:np]l)
}
#Prior
tau~dgamma (0.001,0.001)
sigma2<-1/sqrt(tau)
betaO~dflat ()
for ( j in 1:np ){
betal[j]l ~ dflat()
}
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FH0 WEREE (list 455D

beauty <- read_csv( / / )
#Specify independent wvar and response wvar
xdata <- beauty %>%
select ( s s s )
y <- log(beauty$wage)
x <- as.matrix(xdata)# z must be a matriz
N <- nrow(x)
np <- ncol(x)
data <- list(y =y, x = x, N =N, np = np)
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FH=00: RESHMYIIRE

#Specify parameters
parameters <- list( s s )
#Prepare initials
inits <- function(){
list(betaO=rnorm(1), beta=rnorm(np,0,10), tau=runif(1,0,10))
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FEV04: 1247 R2WinBUGS

output<-bugs (
data,
inits,
parameters,
n.chains=3,
n.iter=2000,
n.burnin=1000,
n.thin=1,
debug=FALSE,
codaPkg=FALSE,

model.file= _ R
bugs.directory=
)
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MCMC WS . — A BT R 1 DA AR, AN BEIIE B A 8K

@ Trace B{ History: 25 1H; ZREBEGTHES
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MCMC Wi eI — i A R AT L AU, AN REDIE I U8k
@ Trace B{ History: 25 1H; ZREBEGTHES
Q RN EERE: JIETESE
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FhE: FIK MCMC st

MCMC Wi eI — i A R AT L AU, AN REDIE I U8k
@ Trace B History: &&Fi; ZRMEEHES

Q RN EERE: JIETESE

© HHXKE: REMFEHMRK

Wang Shujia (Shenzhen University) Bayesian Statistics 41 /87



FhE: FIK MCMC st

MCMC Sl Wr: — i R Be I W p s LA 8k, ARk B sk
@ Trace B{ History: 25 1H; ZREBEGTHES

Q EI AN FE R IR

Q HMHKKE: REMAIEHMR

Q R-hat: 4iikAl¥, ST 1 Ronifiedk
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FhE: FIK MCMC st

MCMC WSS — R BE AR I DL AU, ASBETE B Holiesk.
@ Trace B History: &&Fi; ZRMEEHES

Q JER I L RE: JOIETREE

Q HMHRKK: REMAEAMK

Q R-hat: ZiEA T, 5T 1 Rk

Q n.eff: ARFFARRE (effective sample size)
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gelman.plot()

A<-as.mcmc.list (output)
gelman.plot (A)

shrink factor

shrink factor

shrink factor
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HAHZK: autocorr.plot()

beta[1] beta[2] beta[3]
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EHAH2%: autocorr.diag()

= autbcurr.diag(n)

Lag
Lag
Lag
Lag
Lag

Lag
Lag
Lag
Lag
Lag

0 1.
1 -0.
5 0.
10 0.
50 0.
0 1.
1 -0.
5 0.
10 0.
50 0.

betal[1]
QO000000
02639854
01004456
01561493
02589334
betald
QO000000
02684240
01901889
01545915
01605285
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. 000000000
. 004158444
017628321
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betal[2]

[ - R e e T )

deviance

. 000000000 1.
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betal[3]

. 000000000
.005137248
.0077430863
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. 016228800

Tau
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01002919
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betal[4]
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Traceplot

library(lattice)
xyplot (A4)
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densityplot(A)
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FNE SRR

= print(output,digit=3)

Inference for Bugs model at "F:\Baiduvun‘Teaching'Rdata‘\Ch5model.txt", fit using winBuGs,
2 chains, each with 10000 iterations (first 3000 discarded)

n.sims = 21000 iterations saved

mean sd 2.5% 25% 50% 75% 97.5% Rhat n.eff
betad 0.621 0.080 0.467 0.567 0.621 0.676 0.777 1.001 6500
beta[1] 0.073 0.005 0.062 0.069 0.073 0.076 0.083 1.001 11000
beta[2] 0.013 0.001 0.011 0.012 0.013 0.014 0.016 1.001 21000
beta[3] -0.451 0.031 -0.513 -0.472 -0.450 -0.430 -0.392 1.001 18000
betal4] 0.056 0.032 -0.006 0.034 0.056 0.077 0.118 1.001 21000
tau 4.234 0.171 3.906 4.116 4.231 . 348 .578 1.001 21000
deviance 1758.065 3.526 1753.000 1755.000 1757.000 1760.000 1767.000 1.001 10000

For each parameter, n.eff is a crude measure of effective sample size,
and Rhat is the potential scale reduction factor (at convergence, Rhat=1).

DIC info (using the rule, pp = Dbar-phat)

pD = 6.0 and DIC = 1764.1
DIC is an estimate of expected predictive error (lower deviance is better).

Q MRULARREAR B T B NAT B35 5 ?

Wang Shujia (Shenzhen University) Bayesian Statistics 47 / 87



FNE SRR

= print(output,digit=3)

Inference for Bugs model at "F:\Baiduvun‘Teaching'Rdata‘\Ch5model.txt", fit using winBuGs,
2 chains, each with 10000 iterations (first 3000 discarded)

n.sims = 21000 iterations saved

mean sd 2.5% 25% 50% 75% 97.5% Rhat n.eff
betad 0.621 0.080 0.467 0.567 0.621 0.676 0.777 1.001 6500
beta[1] 0.073 0.005 0.062 0.069 0.073 0.076 0.083 1.001 11000
beta[2] 0.013 0.001 0.011 0.012 0.013 0.014 0.016 1.001 21000
beta[3] -0.451 0.031 -0.513 -0.472 -0.450 -0.430 -0.392 1.001 18000
betal4] 0.056 0.032 -0.006 0.034 0.056 0.077 0.118 1.001 21000
tau 4.234 0.171 3.906 4.116 4.231 . 348 .578 1.001 21000
deviance 1758.065 3.526 1753.000 1755.000 1757.000 1760.000 1767.000 1.001 10000

For each parameter, n.eff is a crude measure of effective sample size,
and Rhat is the potential scale reduction factor (at convergence, Rhat=1).

DIC info (using the rule, pp = Dbar-phat)
pD = 6.0 and DIC = 1764.1
DIC is an estimate of expected predictive error (lower deviance is better).

Q MRULARREAR B T B NAT B35 5 ?
Q AFAEMEREAL S ?
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FNE SRR

= print(output,digit=3)

Inference for Bugs model at "F:\Baiduvun‘Teaching'Rdata‘\Ch5model.txt", fit using winBuGs,
2 chains, each with 10000 iterations (first 3000 discarded)

n.sims = 21000 iterations saved

mean sd 2.5% 25% 50% 75% 97.5% Rhat n.eff
betad 0.621 0.080 0.467 0.567 0.621 0.676 0.777 1.001 6500
beta[1] 0.073 0.005 0.062 0.069 0.073 0.076 0.083 1.001 11000
beta[2] 0.013 0.001 0.011 0.012 0.013 0.014 0.016 1.001 21000
beta[3] -0.451 0.031 -0.513 -0.472 -0.450 -0.430 -0.392 1.001 18000
betal4] 0.056 0.032 -0.006 0.034 0.056 0.077 0.118 1.001 21000
tau 4.234 0.171 3.906 4.116 4.231 . 348 .578 1.001 21000
deviance 1758.065 3.526 1753.000 1755.000 1757.000 1760.000 1767.000 1.001 10000

For each parameter, n.eff is a crude measure of effective sample size,
and Rhat is the potential scale reduction factor (at convergence, Rhat=1).

DIC info (using the rule, pp = Dbar-phat)
pD = 6.0 and DIC = 1764.1
DIC is an estimate of expected predictive error (lower deviance is better).

Q MRULARREAR B T B NAT B35 5 ?
Q AFAEMEREAL S ?
Q ZHIEX LR oM ?
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BAND . AR

= print(output,digit=3)

Inference for Bugs model at "F:\Baiduvun‘Teaching'Rdata‘\Ch5model.txt", fit using winBuGs,

2 chains, each with 10000 iterations (first 3000 discarded)
n.sims = 21000 iterations saved

mean sd 2.5% 25% 50% 75% 97.5% Rhat
betad 0.621 0.080 0.467 0.567 0.621 0.676 0.777 1.001
beta[1] 0.073 0.005 0.062 0.069 0.073 0.076 0.083 1.001
beta[2] 0.013 0.001 0.011 0.012 0.013 0.014 0.016 1.001
beta[3] -0.451 0.031 -0.512 -0.472 -0.450 -0.430 -0.392 1.001
betal4] 0.056 0.032 -0.006 0.034 0.056 0.077 0.118 1.001
tau 4.234 0.171 3.906 4.118 4.231 . 348 L5378 1.001
deviance 1758.065 3.526 1753.000 1755.000 1757.000 1760.000 1767.000 1.001

For each parameter, n.eff is a crude measure of effective sample size,
and Rhat is the potential scale reduction factor (at convergence, Rhat=1).

DIC info (using the rule, pp = Dbar-phat)
pD = 6.0 and DIC = 1764.1

DIC is an estimate of expected predictive error (lower deviance is better).

U A B A S5 B 2
AFAE T R 2

LU T AT B 2

TR IR TV S 2

©00O0
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Outline

Q Vi Z T FIARAL: RStan
o BAEA 4
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DU S AR R B A

X FARUEREAY, IR 2 rstanarm Al brms, A& EH % RStan.
@ rstanarm: Bayesian Applied Regression Modeling via Stan
> TSadmiE, LR

@ brms: R package for Bayesian generalized multivariate non-linear
multilevel models using Stan

- BRI,

> MR, EERAAIT)EE
o PIAMELHIHT LA D R P ST

» Standard Regression and GLM

» Categorical Models
» Mixed Models

o #BWI LA bayesplot T nJ #i 4L
o #AILLH loo T-HAY Hyik 5 LR
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rstanarm

@ Standard Regression and GLM
» stan_aov: ANOVA

v

v

v

v

stan_Im: standard regression (AfEFE, N TEEE R? Ji)
stan_glm: generalized linear model (4%, WH bayes_R2 3£HL R?)
stan_glm.nb: negative binomial for count data or neg_binomial_2
family for stan_glm

stan_polr: ordinal regression model

stan_biglm: big data Im

o Mixed Models
> stan_lImer: standard Ime4 style mixed model

vV vy vy VvYyy

stan_glmer: glmm(generalized linear mixed model)

stan_glmer.nb: for negative binomial

stan_nlmer: nlme, Bayesian nonlinear models with group-specific terms
stan_mvmer: multivariate outcome

stan_gamm4: generalized additive mixed model in Ime4 style
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Outline

Q Vi Z TR HARA . RStan

o i rstanarm 1247 UL B LAY
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RStanArm BEMUT 4 ?

The goal of the rstanarm package is to make Bayesian estimation routine
for the most common regression models that applied researchers use.
This will enable researchers to avoid the counter-intuitiveness of the
frequentist approach to probability and statistics with only minimal
changes to their existing R scripts.

@ models are specified with formula syntax,
@ data is provided as a data frame, and
@ additional arguments are available to specify priors.

Estimation may be carried out with Markov chain Monte Carlo, variational
inference, or optimization (Laplace approximation). Graphical posterior
predictive checking, leave-one-out cross-validation, and posterior
visualization are tightly integrated.
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Bl 1. DS AMSE S TS ?

7Y

log(wage); ~ N (i, 0)(i =1,...,n)
wi = Bo + Breduc; + Baexper; + B3 female; + Bamarried;

Sl S-S EUH B AL
JE 5 :
p(0]x) Hizlw(ﬂk)W(JQ)Normal(ui, 02)
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Ui

#Load data set
beauty <- read_csv("F:/Rdata/beauty.csv")
#Specify independent var and response var
wage_data <- beauty %>’
mutate (lwage = log(wage)) %>%
select("lwage","educ","exper","female", "married")
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iZ24T rstanarm

library(rstanarm)

post <- stan_glm(
lwage ~ educ + exper + female + married,
data = wage_data,
family = gaussian(link = "identity"),
chains = 2,cores=2,seed=123456,iter = 500)

2RIN: chains=4,iter=2000, R 1000 <3

M4 print(post,digits = 3)

# A SHAEITH Median A1 MAD_SD,

HH Median Absolute Deviation(MAD) J&/J53GtnitEZE M)
FafEfhit.
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stan_glm

family: gaussian [identity]
formula: Twage ~ educ + exper + female + married

observations: 1260
predictors: 5

Median MAD_SD

(Intercept) 0.630
educ 0.073
exper 0.013
female -0.454
married 0.056

0.075
0.004
0.001
0.030
0.030

Auxiliary parameter(s):

Median MAD_SD
sigma 0.485 0.009

Sample avg. posterior predictive distribution of y:
Median MAD_

SD

mean_PPD 1.661 0.020

* For help 1interpreting the printed output see ?print.stanreg
* For info on the priors used see Zprior_summary.stanreg

Wang Shujia (Shenzhen University)
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5 R?

summary (bayes_R2(post))
Min. 1st Qu. Median Mean 3rd Qu. Max.
0.2811 0.3219 0.3353 0.3345 0.3463 0.3875
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bayesplot

The bayesplot package provides a variety of ggplot2-based plotting
functions for use after fitting Bayesian models (typically, though not
exclusively, via Markov chain Monte Carlo).

The plotting functions in bayesplot are organized into several modules:

e MCMC: Visualizations of Markov chain Monte Carlo (MCMC)
simulations generated by any MCMC algorithm as well as diagnostics.
There are also additional functions specifically for use with models fit
using the No-U-Turn Sampler (NUTS).

e PPC: Graphical posterior predictive checks (PPCs).

To use the posterior draws we'll extract them from the fitted model object:

library(bayesplot)
post_mc<- as.array(post)
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Outline

© /1l bayesplot BEATH[ AL
@ Rstanarm 45 R B~
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ZH IR memc_intervals

color_scheme_set ("purple")
mcmc_intervals(post_mc)

(Intercept) —— -
educ (@)
exper O
female O
married -O-
sigma: O
-05 0.0 05
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ZH B 7R: memc_areas

mcmc_areas (post_mc, prob = 0.8, pars = c("educ","exper"))

A

educ

exper

0.025 0.050 0.075
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MCMC iesiett:: B 7K

mcme_hist(post_mc,pars=c("educ","exper","female",
"married","sigma"),transformations=1list("sigma"="log"))

educ exper female

0.06 0.07 0.08 0.09 0.011 0.013 0.015 0.017 -0.55 -0.50 -0.45 -0.40

married log(sigma)

-0.05 0.00 0.05 0.10 0.15 -0.779.7560.725.70€D.679.650
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mcmc_dens (post_mc, pars = c("educ","exper","female",
"married","sigma") ,transformations=1list("sigma"="log"))

educ exper female
0.08 0.09 0.010 0.012 0.014 0.016 -0.50 -0.45 -0.40
married log(sigma)
0.00 0.05 0.10 0.15 -0.7560.7250.7060.675
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ZHAETH RN RS

mcmc_violin(post_mc,pars=c("educ","exper","female",
"married","sigma") ,transformations=1ist("sigma"="log"),
probs=c(0.1,0.5,0.9))

educ exper female

+4 00 ¢

married log(sigma)

*4 4
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PSS E AR : U E

mcmc_scatter (post_mc, pars = c("educ","exper"))

0.0174
0.015 o
.
[
<
& 0.0131
°
0.011
0.06 0.07 0.08 0.09
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NSRRI PIP LR

mcme_pairs(post_mc, pars = c("educ","exper","sigma"))

0.09

educ 0.09 ®

0.08

0.08

0.07 %) 0.07

0.06 e ()
0.06 0.07 0.08 0.09 0.011 0.013 0.015

0.06

0.470.480.490.500.51

° sigma

®

@

0.48 S
)

. oucle &

0.46 g . . s
0.06 0.07 0.08 0.012 0.014 0.016 0.46 0.48 0.50
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Outline

© /1l bayesplot BEATH[ AL
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MCMC Y8t:: Trace

color_scheme_set("mix-
mcme_trace (post_mc,pars=c("educ","exper","female",
facet_args = list(arow = 2))

"married","sigma"),

om!“\$'w 55?'«””1”

blue-red")

female

” l‘ W
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MCMC Yeshtt: B (ac)

mcme_acf (post_mc, lags = 30)

(Intercept educ exper female married sigma
1.0
0.5
.
c
800 W W L\W‘f\ W
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2
S
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210
p}
<
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N

0102030 0 102030 0 102030 0 102030 0 102030 0 102030
Lag
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MCMC Uiesiett: H A% (acf-bar)

mcmc_acf_bar (post_mc)

(Intercept educ exper female married sigma
1.0
0.5
.
oo Wﬁ%ﬂﬂn@ mﬂﬂﬂﬂ#w W e
T
2
S
(5]
2101
=}
<
0.5
N
O-O’qﬁ”—ﬂmﬁ‘w Jﬂﬂiﬁfﬂﬂ]‘ “‘tDlL‘m'“’; % ‘L’f@ﬁ “‘Eﬂdﬂ’ﬂjﬂv
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MCMC WSt el -+

rhats <- rhat(post)
mcmc_rhat (rhats)

1.00 1.05

x>
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MCMC Wiesitht: HREAE

plot(post,"ess",size = 3)

E & Neff/N <0.1

@ Neff/N <0.5
Neff/N >0.5

0 01 025 05 0.75 1 1.25
Nert/N
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2SR S HUR U o A o L i 2

mcme_dens_overlay(post_mc,pars=c("educ","exper","female",
"married","sigma") ,transformations=1list("sigma"="log"))

educ exper female
\,\
0.06 0.07 0.08 0.09 0.010 0.012 0.014 0.016 -0.50 -0.45 -0.40 Chain
— 1
married log(sigma) 2

JANUAN

000 005 0.10 0.5 ~0.75(.72%).70@.675
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PR TR — 2

mcmc_combo (post_mc,

combo = c("dens_overlay", "trace"),
pars = c("educ","exper", "sigma"),

transformations = list(sigma = "log"),

gg_theme = legend_none())

educ

Gy N 0.06

educ

751 - 0.0
501 / \ 0071 .Wiq\”‘ WV\ L 'W ’Unv"-','nf ‘M

0.06 0.07 0.08 0.09

exper

300 0.017q
w TN
1004 N 0.011]

0

50 100 150 200 250

exper

{h' M/” ‘thlﬁ'l‘ v\)\‘("&"n‘“‘m h“*ﬁ\l&w"\""

0.010 0.012 0.014 0.016

log(sigma)
20 35
15 /\ -07

] &8

10 —01725

5{ -~ \ -0.750]
0 - -0.77

0

50 100 150 200 250

log(sigma)

\‘J'Jt‘“ Mm . \WJ‘\‘WM’{"“"’W

~0.750 -0.725 -0.700 -0.675
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TATAL AT

mcmc_parcoord (post_mc)

-0.54

(Intercept) educ exper female married sign
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launch_shinystan(post

NUTS(plots)  HMC/NUTS(stats) R, m,z7,Semean  Autocorrelation  PPcheck
Al chains Parameter Transformation
0 educ - identity -
use toselct angenthetraceslot o zoomnto The ther ot on th screenilupdte acordingly. Double-lcktoreset. Lines aremean (ol and median (dashed)

By model parameter b

Sample information
Divergence information

Energy information

Treedepth information

Parameter: educ =
Stepsize information T . "
Help " g
5 £ 5
H H
3o g
; §
o HE
educ educ
s0s] a ! 0ss] .
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Shinystan 25 H 145

@EXPLORE MORE ~

Parameters plot Posterior summary statistics Generate LaTeX table
Digits. W Glossary
Copy || print || Downlosd || Cotumnuisisity | Show[ 10+ entries Regssaratig. |
n_eff Rhat ‘mean mcse. sd 25% 25% 50% 75% 97.5%
(Intercept) 4,986 : & 0.624 0.001 0081 0463 0.568 0.627 0.678 0.781
educ 5388 1 0073 [ 0.005 0.062 0.069 0073 0076 0083
exper 5053 1 0013 [ 0001 0011 0012 0013 0014 0016
female 4782 1 0451 0 0032 0513 0472 0451 0429 039
married 4478 1 0057 0 0032 0006 0035 0057 0079 0419
sigma 5,389 0.486 [ 0.01 0.468 048 0.486 0.492 0.506
mean_PPD 5,005 0.999 1.659 [ 0.02 1621 1646 1659 1672 1699
log-posterior 1814 1 886.569 0.042 1.808 890.922 -887.511 886.245 885.246 884.107
Showing 1to 8 of 8 entries Previous Next Last.
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Rstanarm BRI\ SG 5670 A0 A2 5515 B 2050
—MEHML R, Rstanarm Fife € MIBRINSC IS /A A2 TCAE B A6, 1M &2 55

SR (weakly mformatlve)

Rstanarm S35 5C50 /0 AR T8 2

e prior_intercept : Model intercept, after centering predictors (Note:
the user does not need to manually center the predictors.)

» prior_intercept = normal(location = 0, scale = 10)

@ prior: Regression coefficients. Does not include coefficients that vary
by group in a multilevel model.

» prior = normal(location = [0,0], scale = [2.5,2.5])

@ prior_aux: Auxiliary parameter, e.g. error SD (interpretation depends
on the GLM).

> prior_aux = exponential(1)

@ prior__covariance: Covariance matrices in multilevel models with
varying slopes and intercepts.

@ See help('prior_summary.stanreg’) for more details
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Rstanarm 556 70 A B LE B 5

o AEJU: prior_summary(post)

@ Automatic prior scale adjustments

o HUJHHBNH*E: autoscale = FALSE
o 5] (FABE) S prior = NULL

Priors for model 'post'

Intercept (after predictors centered)
mal(location = 0, scale = 10)
djusted scale = 5.95

Coefficients
mal(location = [0,0,0,...
*adjusted scale = [0.57,0

Auxiliary (sigma)
~ exponential(rate = 1)
**adjusted scale = 0.59 (adjusted rate = 1l/adjusted scale)

See help('prior_summary.stanreg') for more details
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115 . Rstanarm g B 4L5
R

log(wage); ~ N(pi,0°)
wi = Bo + Breduc; + Baexper; + B3 female; + Bamarried;
T A5 B9 A -
B; ~ dflat(),i =0,1,2,3,4
o2 ~ IG(103,10%)
£ Rstanarm 7, Q1R R E K2 S5 :
post_pr <- stan_glm(
lwage ~ educ + exper + female + married,
data = wage_data,
family = gaussian(link = "identity"),
prior = NULL,
prior_intercept = NULL,
prior_aux = NULL
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FHiT%: Rstanarm f8EHE B

beta_prior <- normal(
location = c(0, 0, -1, 0),
scale = c(1, 1, 1, 1),
autoscale = FALSE

)

post_prior <- stan_glm(
lwage ~ educ + exper + female + married,
data = wage_data,
family = gaussian(link = "identity"),
prior = beta_prior,
prior_intercept = normal(0,1),
prior_aux = cauchy(0,3)
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A Rstanarm HJ5GE8 50 Ah

prior_summary(post_prior)
iR
Priors for model 'post_prior'
Intercept (after predictors centered)
~ normal (location = 0, scale = 1)
**adjusted scale = 0.59
Coefficients
~ normal (location = [ 0, 0,-1,...], scale = [1,1,1,...])
Auxiliary (sigma)
~ half-cauchy(location = 0, scale = 3)
**xadjusted scale = 1.78

See help('prior_summary.stanreg') for more details
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» F Rstanarm ZE AR, $HEL MCMC FEA

» Rstanarm 156507041
» ] Bayesplot #EAT R #4k
» H ShinyStan 45 A2 B 45 SRR
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