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1 RERNTHEMS

EE 47 MNAYIE R R GRR
W H R JETRRAm R & .

o ¥¥i: Ehrlich (1973); #¥EZ1E: Vandaele (1978)
o JBHEFEIL:

— 60 FERT: TEIUAIOFE. FEEAA SR AL
— Ehrlich: JU5RE A Sk g 2L ik 5

et

BiEEF
15 ANEEE

o WRERMOMEAR . FRIFTAI0 ). 5 IS

o HIXMEBIERE . IAA TR

o ZHEME. Bl

o dEAALLHI RS

o PR (Vandaele, 1978): &7 M. RIS, MEANA

AR
# Variable
1 | percent of males 14-24
2 | indicator variable for southern state
3 | mean years of schooling
4 | police expenditure in 1960
5 | police expenditure in 1959
6 | labor force participation rate
7 | number of males per 1000 females
8 | state population
9 | number of nonwhites per 1000 people
10 | unemployment rate of urban males 14-24
11 | unemployment rate of urban males 35-39
12 | GDP
13 | income inequality
14 | probability of imprisonment
15 | average time served in state prisons




BB R
o FTHAR U AL
o R 6 MR sEdE. 2B, Cp. 1BIER) R2. Ehrlichl. Ehrlich2
o Ehrlich 2K HERHUERER, A% EER
o R R 14 QUIRIRAEIMER) A1 15 CPYTRED

# | Method Variables R? (%) # vars. B4 Bis Pis
1 | Full model All 87 15 —-.30 —-.27 .133
2 | Stepwise regression | 1,3,4,9,11,13,14 83 7 —.19 e —
3 | Mallows’ C), 1,3,4,9,11,12,13.14,15 85 9 —.30 —.30 .050
4 | Adjusted R2 1,3,4,7,8.9,11,12,13,14,15 86 11 —.30 —.25 .129
5 | Ehrlich model 1 9,12,13,14,15 66 5 —.45 —.55 .009
6 | Ehrlich model 2 1,6,9,10,12,13,14,15 70 8 —.43 —.53 .011

Pi5 72 B1s = 0 I t-K2 381 p-18.
RBIZE R AYHA
1. Bia
o SN EIZODRIABIIE R ZE 1/3, ZHEMNT 1.7 MafEiR.

o Ehrlich #8520 [l AR S5 RAN 228 d — 1%
o AL R R B THE M 2 R KB B EOR . A A EEIR K

o SEERM, REZE (p=0.133)
o ZLMEIA: BB
o BIEN R2: AEE
o Ehrlich FAMERY. &SE L
— HHARARA—2, 7R R A FE S SRR
o ANFIBERLR, Fom R 2R A0 B M T fE
o FEG: WRIEAFEIS . IEMRREREER B B, FAEAE M, RS ZE R R
ZMEF ERL R
o INE: XA RRERIBERY (ECA T EERRAD PP, B SRR ) IR R
o fUA: TUIRIEAUAHE M, SECE eI R A R RS



2 DIMTHMR B R R R TR

EXigS
o A: BXGEIE (FIHARE. REMEESE, W Bis)
o« D: ¥

o M={My,k=1,...,K} FrEEEHER, g 2K 4~

o O R M, SR E

o p(Or|My): SRERT My, T, 0y BISCI A

o [(D|0y, My): 2R M, FIZ% 0, FRIMERBR (RUREEED
o p(My): M, BEERIFIoHEZ

2.1 —fRE2HE BMA fhit
Jr'\nJr,ﬁﬁ#%_&ﬂ%’],%
BERIRE D, A KSR N:
K
p(A|D) = ZP(AID, My )p(My|D) (1)
k=1

HA p(My|D) S~ My, HIRWRIREMEEZE (PMP, posterior model probability), TH5EAIA
p(D|My)p(My)

p(Mg|D) = (2)
T T E p(DMp(M)
Hp
p(DIM) = [ p(DI6w M)p(0:]31:)0, 3)
o AWEBERLHFTAAFMATHE R AACEY, REABRRABLE (PMP)
BERHESRERE
o i Ay = E(A|D, My) GRS My, T A fESBIED
« SE; = Var[A|D, My]
o N A B EIIMEMFITTZ N
K
E(A[D) Z p(My|D) (4)
K ~
Var(A[D) = Y (SE} + A7)p(My| D)—E[A|D]? (5)
k=11



2.2 MBRTEZRHUA BMA it
RN

o fEFTARIEHAS, AR 5 =0, EIHERME P(B =0[D) #0

o TH B NERBEMFIHE (PIP:posterior inclusion probabilities or PEP:posterior effect

probabilities)
P(By #0|D) = EMAMD
HbA ={My:k=1,...,K;3 #0}
o Bl PIP EFHrEEE B MERETME (PMP) 2 M
A¥ BMA {4t

. By WIESAHi
p(B1ID, B1 # 0) = p(B1|D, My )p(My| D)

Aq

o Bi MR IENIRY T 2N

E(8.|D, 81 # 0) Zﬂl p(My|D)

Var(81|D, 81 # 0) = Y "[SE(B1)x]* + [51()]*)p(M| D)—E[A|D]?

A

o Bi(k) B SE(By ) A AIFORBER M, T By BftiiH AR R %

2.3 BMA BysiE
BMA SCiHEERER A S 5ia5

1. BRSPS M EEAREE K (¢ =15, N 215 = 32768 MR

K
p(AID) =3 p(A|D, Mi)p(My|D)
k=1

2. B tE. 4EEk, BMEH MCMC 6 )%
p(DIMy) = /MM%J@M@MQM%

3. BRI SR8 o0 A XE DL A
4. MU LR R AT P K R R %

(6)



BEEINGE: B-REH7)F MC?
FiE—: BRWE (Occam’s window) (Madigan and Raftery, 1994)
ARG PSS, S0 B s 2 AR

L. S BRTENRE D RAAERY. (i BIC AHZE 6)

2. BARWHT] (Occam’s Razor): UISREHE SCRFfR] ABRL, U825 Bk B2 A A 7
o WRWERRAM AN (symmetric): WIERHE (1)

o BRINERRASAAN (strict): @REE (1) A (2)

o EEUFERHM T MMERMEAH 51 MR, U ERWEN 14 MR

J7355=: Markov chain Monte Carlo model composition (MC?)
27 Koop, G. (2003): Bayesian Econometrics, Wiley-Interscience(ch11).

HERY
o BMA {155 — X m2 HE I E AR

p(D|My) = /p(D|9k,Mk)P(9k\Mk)d9k (12)
o Jiik:
— XeRPERNAMERY, AT PR E B AR

— Laplace /7% (Tierney and Kadane,1986): ] ARUFITL p(D|My), T H ALK AF R A]
LAZA H BIC M

— MLE B/ (Taplin (1993)) : H p(A|D, 8, My) X% p(A|D, My)
2.4 FKWHH
TRV SeIa R EE

L BI5)det: 482 /MR RAR [ A Je s M2, P (M) = 274

2. Binomial Priors: WIRTHIB N N (NEMRFELTENED, BNEENEMLKEBERN ©, T
N ~ Bin(q,7), HF q AT E B =N

o WM M, Cf ¢ MHZE) KLIMEN
P(M;) = w%(1 — )9~ %

(13)
. THBBHBN BE(N) = gr
o R m=05 Y55, W E(N)=q/2, WHENHTHELLE.
o Package BMS: mprior="fixed"
3. Binomial-Beta Priors: Ley and Steel (2009)
N ~ Bin(q, ), © ~ Beta(a,b) (14)

o Package BMS: mprior="random" (Default)

4. Custom Prior Inclusion Probabilities: A NASEIEE — /N NIEHEZE .,



BRI RBAEEL S

R e e e U A Y

y=XB+e e~N(0,0%Ir) (15)

Hrp

e Y= (ylayQa"'ayT),

o X NT xqffE (BEFAERER)

o B=(B1,P2,.... B, WHHHENE, BRPAREE M;,j=1,...,K =27

o B M; X ZEOL N B
BRERKHELE SN

o Zellner’s g-Priors(Zellner (1986))

Bj\UQ,Mjg ~ N(O,029()(;)@)_1)7 p(o) o™t

— Unit Information Prior (g-UIP): g = N, #fAZ%&E, HIMEK 15 BIC ML (Kass
and Wasserman (1995))

— Risk Inflation Criterion (g-RIC): g = ¢* (Foster and George (1994))
— Benchmark Prior: g = max(N;q?) (Fern andez et al. (2001))

o Empirical Bayes Priors

« Laplace Priors
2.5 REIPYTUNRIA
REVOFUNEE S SIS
o BARBENLH /AP JIZREE (training) FINHREE (testing)
o REAS PYHER SR AIRE AR SRR 2
o XEHMAFSY (Log Predictive Score, LPS) (Good, (1952)):

AV |
> { —logp(d|M, D)} (16)
deDtest
— BMA: )
Z { log { Z d|M Dtram (M|Dtra1n)}} (17>
de Dtest MeA

— LPS HUNER T & I



REVTONEE S : AEIIERAS SN

1. ZXHGUE (Cross Validation)

(a) K- XIAE (k-fold cross validation): Y& K 17 UL AT BB B M EUH D,
M (K —1) il geiiRy, T — e TR . 58 K %, SRR
BEAT R IGAIE, B Jm WA —FE ISR S SR BEAT T 220

(b) B —A XIGIE (Leave-One-Out cross validation): K SFEARNEAHFE, BRI E —
el H T IR R

2. fERHEN: AIC. BIC. DIC 4§
o BRI, S2XIGUETHSE RN, FrUUHE B AE A
o X BMA T, DU S0 Bmiieg 7> (LPS), By LPS KT &AM 5

oA
3 BMA E7EREREFe M & A9 R
=1

o WHFLHBIZFIH 13 A SRR AL REAEEL. (percent body fat)
o [ BMA HETARUET L FR ) P — 1

- B

— TR

TENFR MG



TABLE 6
Body fat example: summary statistics for full data set!

Predictor

number Predictor mean s.d. min max
X, Age (years) 45 13 21 81
X, Weight (pounds) 179 29 118 363
X, Height (inches) 70 3 64 178
X4 Neck circumference (em) 38 2 31 51
X5 Chest circumference (cm) 101 8§ 79 136
X Abdomen circumference (cm) 93 11 69 148
Xq Hip circumference (cm) 100 7 85 148
Xg Thigh circumference (cm) 59 5 47 87
Xq Knee circumference (em) 39 2 33 49
X1 Ankle circumference (cm) 23 2 19 34

Xnu Extended biceps
circumference 32 3 25 45
X112 Forearm circumference (cm) 29 2 21 35
X3 Wrist circumference (cm) 18 1 16 21

1Abdomen circumference was measured at the umbilicus and
level with the iliac crest. Wrist circumference (cm) was measured
distal to the styloid processes.

S EEARE
o MY 1. SEEEBIAY
o MR 2. B [EIH,
o B 3: i/ Mallow’s Cys
o HER 4: £ K adjusted R?
BMA: Ef5RA56 (BRI AR
- f 13 MEE, L 218 = 8192 MY

FTRIRE



TABLE 7
Body fat example: least squares regression results

from the full model®

Predictor Coef Std error ¢-statistic p-value

Intercept —-17.80 20.60 -0.86 0.39
X, age 0.06 0.03 1.89 0.06
X, weight —0.09 0.06 -150 0.14
X3 height —0.04 0.17 -0.23 0.82
X, neck —0.43 0.22 -1.96 0.05
X5 chest -0.02 0.10 -0.19 0.85
Xg abdomen 0.89 0.08 10.62 <0.01
Xy hip -0.20 0.14 -1.44 0.15
Xg thigh 0.24 0.14 1.74 0.08
Xg knee -0.02 0.23 -0.09 0.93
X1 ankle 0.17 0.21 0.81 042
X biceps 0.16 0.16 098 0.33
X0 forearm 0.43 0.18 2.32 0.02
X3 wrist —1.47 0.50 -2.97 <0.01

1Residual standard error = 4, R2 = 0.75, N = 251, F-statistic =
53.62 on 13 and 237 df, p-value <0.0001.

B#. 4(0.05), 6(<0.01), 12(0.02), 13(<0.01)

b3 : BMA 5% £ EYFER

TABLE 8

Body fat example: comparison of BMA results to model selected
using standard model selection methods!

Bayesian model averaging

Stepwise
Mean SD model
Predictor B|D B|D P(B#0|D) p-value
Xg  abdomen 1.2687  0.08 100 <0.01
X,  weight -0.4642 0.15 97 0.03
X3 wrist —0.0924 0.08 62 <0.01
X forearm 0.0390  0.06 35 0.01
X4 meck —-0.0231 0.06 19 0.05
X, biceps 0.0179  0.05 17
Xg  thigh 0.0176  0.05 15 0.02
X, hip —0.0196 0.07 13 0.12
X5 chest 0.0004  0.02 6
X, age 0.0029  0.02 5 0.05
Xq knee 0.0020 0.02 5
X3  height —-0.0015 0.01 4
X,, ankle 0.0011  0.01 4

1Stepwise, minimum Mallow’s C p» and maximum adjusted R?
all selected the same model. The predictors are sorted by P(3; #
0| D) which is expressed as a percentage. The results given here
are based on standardized data (columns have means equal to 0

and variances equal to 1).

10



#R: BHTEBITRELER
o P(B; #0|D): PIP or PEP, FTEHEH ¢ MEENGRGERMZE (PMP) M
o FEARHE
— PIP fERT =28 & (Weight, Abdomen, and Wrist): 3% A 44 & 2
o pAHEM T BEM:
- f9rﬁd§m, neck and thigh: p-{HE# (<0.05), {H PIP RKEZEHEAHE (PIP 7E 15-35
2 |&
— age: p-fHE# (0.05), {H PIP(=5) A&, ZigMx
o SouERRIAE A o
— Weight £ BMA. BB [RABAIY R, (HAEFREEAM P ALE (pE =0.14
o AR [8) R A THE 2 R R
o Gl FEIERRUANH E M

PMP: RERIEZIAFHEM

TABLE 9
Body fat example: Ten models with highest posterior model
probability (PMP)

X5 Xy Xs Xs X1 X12 X13 PMP
. . . 0.14
. . . . 0.14
. . 0.12
. . . . 0.05
. . . 0.03
. . . 0.03
. . . 0.02
. . . 0.02
[ ] [ ] L ] [ ] L ] 0.02
. . . . 0.02

o FPAEBCRHIBRIAHEME: PMP SR MBR G SRR 14%, HERT 10 FBR PMP
Z AL 57%

TE Wrist Z¥ (B HWERSH

o Bi3 WIER A, P(B13 = 0|D) = 0.38

11



1.0

0.6
P(B,= 0ID)

0.2

FI1G. 4. Body fat example: BMA posterior distribution for B3,
the coefficient for wrist circumference. The spike corresponds to
P(B1s = 0| D) = 0.38. The vertical axis on the left corresponds
to the posterior distribution for B13 and the vertical axis on the
right corresponds to the posterior distribution for B13 equal to 0.
The density is scaled so that the maximum of the density is equal
to P(B13 # 0| D) on the right axis.

FMZEI (Predictive Performance)
o BRSNWES, BT 142 ANBEREA T @M, )5 109 ANEEE T HBOR R TR 0 H A
o TRMNXIA]: FeFBAMERL (AN FAREE AR —8E) R BMA V21 5 50 1500 43 A1
o TR A SCBREERTEAE 90% TUIX A L 1
o 45 BMA TMIZE 555 90.8%, HHEMH TR (<85%)
o WPEERBATAE RSy, EEURBRI AR, (HEEAR EA5 IR —5

TABLE 10

Body fat example: performance comparison®

Predictive
Method Model coverage %
BMA Model averaging 90.8
Stepwise and Cp Xl Xz XG XlO X12 X]_3 84.4

Adjusted R2 X Xy X, XgX7Xg X1gX19X13 835

IPredictive coverage % is the percentage of observations in the
performance set that fall in the 90% prediction interval. For
BMA, the top 2500 models, accounting for 99.99% of the posterior
model probability, were used to estimate predictive coverage.

12



4 BMA #ft5EH
HERH
e The BMS Package

— The BMS (Bayesian Model Selection) package employs standard Bayesian normal-conjugate
linear model as the base model and Zellner’s g prior as the choice of prior structures for
the regression coefficients (Feldkircher & Zeugner 2009).

e The BAS Package

— The BAS package (Bayesian Adaptive Sampling), performs BMA in linear models using
stochastic or deterministic sampling without replacement from posterior distributions
(Clyde 2010).

e« The BMA Package

— The BMA package (Bayesian model averaging), performs BMA analysis assuming a
uniform distribution on model priors and using a simple BIC approximation to construct
the prior probabilities on the regressions coefficients (Raftery, Hoeting, Volinsky, Painter
& Yeung 2010).

https://cran.r-project.org/web /views/Bayesian.html

iR
HHE ML https://ww2.amstat.org/publications/jse/datasets/fat.dat.txt
AAE UL https://ww2.amstat.org/publications/jse/datasets/fat.txt
R BEAF & : columns 5-7 and 10-19
RAC & E AR 5
BERES 42 17, By & & 29.5 ) (75em).

fatl=read.table("fat.dat.txt")

fat = fati[,c(2, 5:7, 10:19)]

names (fat)=c("brozek_fat","age","weight","height",

"neck","chest","abdomen","hip","thigh",
"knee","ankle","biceps","forearm","wrist")

fat= fat[-42,]

BMS iHERG

library (BMS)

mf= bms(fat,user.int=F) # BRIAIET, JET HEGH

coef (mf ,std.coefs=T,include.constant=F) # HREFrifEL, ANEEEET
topmodels.bma(mf) [, 1:5] # HE{EAT 5 AT K pMP
density(mf,reg="wrist",std.coefs=T) # WZFI*E

summary (mf) # WoRHZEE(E S

image (mf) # EIREIMNILEEH

plotModelsize (mf) # MEAUHIARIY S 5560 bb &

plotConv(mf) # LL# PMP:MCMC 7Y 555 prisi Ay

13



BMA FN4X S

# T 250 ORI & 5 — M40

mf.p = bms(fat[1:250,], user.int = F)

# T oA

dens.p = pred.density(mf.p,newdata=fat[251,])
plot(dens.p)

# TN X 1]

quantile(dens.p,c(0.05,0.95))

# TNEEIN LPS

lps.bma(dens.p,realized.y=fat[251,1] ,newdata=fat[251,-1])
# HIHT 200 MEEHNE 51 42

BMA ZH AT RNERER

> round(coef(mf, std.coefs = T, include.constant = F), 3)
PIP Post Mean Post SD Cond.Pos.Sign Idx

abdomen 1.000 1.265 0.083 1.000 &6
weight 0.965 -0.471 0.143 0.000 2
wrist 0.527 -0.079 0.085 0.000 13
forearm 0.306 0.034 0.057 1.000 12
neck 035 -0.017 0.050 0.000 4
biceps 0.124 0.013 0.041 1.000 11
thigh 0.094 0.011 0.041 0.999 8
hip 0.071 -0.013 0.060 0.000 7
age 0.058 0.003 0.019 0.876 1
height 0.042 -0.002 0.014 0.047 3
ankle 0.039 0.001 0.011 0.992 10
knee 0.036 0.001 0.015 0.963 9
chest 0.031 0.000 0.018 0.579 5

o Post Mean fl Post SD: RE (FURD BIAbTHEFIARAEZ
o Cond.Pos.Sign: sign certainty, AT RECHIEM G KMER

PMP HEZHT 5 HIRE

14



> topmodels.bma(mf) [,

age
weight
height
neck
chest
abdomen
hip

knee

ankle
biceps
forearm
wrist

PMP (Exact)
PMP (MCMC)

AYNRWEE (Wrist)

.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.0000000

.0000000
.0000000
.0000000
.0000000
.0000000
.2609014

0
i
0
0
0
al
0
thigh 0.
0
0]
0
0
0
0]
0.2609014

=

0880

0000000

OO0OFROO0OO0OO0OO0OOKFEFOOORKRO

i5]

0881

.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.1491782
.1491782

0883
.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.0000000
.1238701
.1238701

OOKFRKFEFOOOOORFROOOKEO

density(mf,reg="wrist",std.coefs=TRUE)

Density
2

FRANEIERE R

image (mf): WOFKRRECNIE, A RHh, BORANE.

OORFRORFRFOOOORFEFOOORO

0885

. 00000000
.00000000
.00000000
.00000000
.00000000
.00000000
.00000000
.00000000
. 00000000
.00000000
.00000000
.00000000
.00000000
.03506753
.03506753

Marginal Density: wrist (PIP 52.55 %)

— Cond. EV
— Median

-- 2xCond. SD

-0.4

-0.3

-0.2 -0.1

Standardized Coefficient

15

0.0

OO0OO0OKFFOOODOOKRHROOOKFHO

0882

.00000000
.00000000
.00000000
.00000000
.00000000
.00000000
.00000000
.00000000
.00000000
.00000000
.00000000
.00000000
.00000000
.02965686
.02965686



Model Inclusion Based on Best 500 Models

abdomen
weight
wrist
forearm
neck
biceps
thigh
hip

age
height
ankle
knee
chest

K N ]
R |
!

I I [T T T TTTImm
0 0.26 0.41 053 065 0.76 0.86 0.96

Cumulative Model Probabilities

REUAR

plotModelsize (mf)
eI BRI 13/2 = 6.6
BB L5 1 AR Dy 3.43

Posterior Model Size Distribution
Mean: 3.4283

— Posterior- Prior

0.20 0.30
] ]

0.10
]

0.00
|

I I I I I
o 1 2 3 4 5 6 7 8 9 10 11 12 13

Model Size

EE3 MCMC 158 5L pris R

plotConv(mf [1:100]) # BT 100 MRAY

16



Posterior Model Probabilities
(Corr: 0.9910)

— PMP (MCM€E) PMP (Exa

0.20
]

0.10
]

0.00
|
i

I I I I I I
0 20 40 60 80 100

Index of Models

UM : ARl 250 MURTUN & E— 18R

mf.p = bms(fat[1:250,], user.int = F)
dens.p = pred.density(mf.p, newdata = fat[251, 1)
# 55 251 N AAERESR B X A
quantile(dens.p, c(0.05, 0.95))
5% 95%
20.58123 34.96956
# % 251 N ANEHSREIRIN A
plot(dens.p)

28 251 N ABBRHEHA TN S

17



Predictive Density (500 Models)

— Exp. Val
8 o R
S
> _
2 <
[0 o
O o
o
O_ — 1 1
S T T T T T T T
10 15 20 25 30 35 40 45

Response variable

FUNRD: HEXHTNES (LPS)
FHHT 200 AR S 51 S ANRIAEREFRSEL, THE TS 7> (Log Predictive Score, LPS)

o M AR L BA A R

mf.p = bms(fat[1:200, ], user.int = F)
lps.bma(mf.p,realized.y=fat[201:251,1],
newdata=fat[201:251,-1])

[1] 2.962863

5 He54e
g
1. Al A A S
o EPRANEBAY, 0 A A B S AR A AT
o F—ANFHAY, SRJE XA A B JE SR A AT 8
o XA ARYAN[R] 1R 22 A5 A AT 1)
2. FERSPI R e 7
o BFFYRI Boostrap 771k
e A minmax multiple shrinkage Stein estimator
Hepde M-k B AIC. BIC. bootstrapping ZEir MR HUAN &
o DlEsEEIEIR

3. KT BMA fEL G RPN, W25
STEEL M F J. Model Averaging and its Use in Economics[M]. arXiv preprint arXiv:1709.08221.
2017.

18



e
L. EBEATGETHHEWTIN , 25 RE AR A AN 5 1R B TH A R AN s T R EE
2. B b, BMA HARATH— R B T 2 AR 4

VTR
« Too complicate to present easily

— WRMUEE PIP MUBIRGEHE, L p-(H A 5 B

— WIS BMA R AA “RE” B (W5 SRR E M )R 15 2R, oligus
P75 FAZ IR

— B T AERLE R A E N (BMA SHSEALE R L AR {E (Robust))
o Higher estimates of variance

— BMA 7 /& 1IERIRT .
— BRI T SR T E, WL 2 a7 4

.

19



6

B30 Hk

. HOETING J A MADIGAN D, RAFTERY A E and Volinsky C T. Bayesian model averaging:

a tutorial[J]. Statistical science, 1999: 382-401.

. MORAL-BENITO E. Model averaging in economics: an overview[J]. Journal of Economic

Surveys, 2015, 29(1): 46-75.

. ZEUGNER S, FELDKIRCHER M. Bayesian Model Averaging Employing Fixed and Flexible

Priors: The BMS Package for R[J]. Journal of Statistical Software, 2015, 68.

. AMINI S M, PARMETER C F. Bayesian model averaging in R[J]. Journal of Economic and

Social Measurement, 2011, 36(4): 253-287.

. STEEL M F J. Model Averaging and its Use in Economics[M]. arXiv preprint arXiv:1709.08221.

2017.

20



	1 模型的不确定性
	2 贝叶斯模型平均法基本原理
	2.1 一般参数的BMA估计
	2.2 解释变量系数的BMA估计
	2.3 BMA的实施
	2.4 先验分布
	2.5 模型的预测表现

	3 BMA法在肥胖指数预测中的应用
	4 BMA 软件与运用
	5 讨论与结论
	6 参考文献



