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Bayesian Time-series Model Based on spike-and-slab Prior
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Abstract Bayesian method makes the results of estimation and prediction more accurate by introducing prior information and
combining with likelihood for parameter estimation and variable selection. ABayesian hierarchical time-series model based on
spike-and-slab prior with partial autocorrelation coefficients (SS-PAC ) is proposed under the Bayesian {ramework, considering
the correlation between time series, fusing with the partial autocorrelation coefficient and prior information, the SS-PAC model
uses spike-and-slab prior and partial autocorrelation coefficient to realize the selection, parameter estimation and prediction of time

series lag order. Empirical research through simulated data and real data shows that the model performs better than previous

models in variable selection and prediction results.
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Table 3 Errors of different methods
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Fig.5 Markov chain iterative chart of incidence parameters of

pulmonary tuberculosis in Beijing
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Table 4 Parameter estimation of pulmonary tuberculosis incidence

in Beljing
B B {E 3% 4 H 97 Y6 o B
B 0.112 0.067 0.155
B2 0.253 0.215 0.298
Bs —0.059 —0.098 —0.021
Bio 0.118 0.075 0.159
Bu 0. 149 0.110 0.188
Bz 0.407 0. 364 0. 449
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Fig. 6 Fitting chart of incidence of pulmonary tuberculosis in Beijing
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Table 5 Variable selection and parameter estimation results of
different methods
HEA TE®REMSEGEITER
¥, =0.005y, | +0.234y, ,+0.060y, ,,+0.168y, |, +
Lasso
0.512y,_,,
SCAD ¥, =0. 229y, _,+0.0234+0. 153y, |, +0.533y,_,
¥, =0.007y,_; +0.233y,_, +0.062y,_ 1, +0.169y,_, +
Elastic-Net
0.509y, 1,
v, =0.228y, ,+0.001y,,,+0.153y, |+
Adaptive Lasso -
0.590y, 15

¥, =0.112y,, +0. 253y, , —0.059y, 4 +0.118y,_;,+

SS-PAC
0.149y, 1, +0.407y, |,
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Table 6 Error of different methods

E % A %
A ®Z b W Ev-a
P v s B R
Jiff 45 R R # pm2. 5 5 #

I Train 53.22065011 24.74695478 0.142876628

.asso
Test 59.88907929 10.6634221 0.093531986
Train 59.51518613 28.49818219 0.138558983

SCAD
Test 65.59752547 14.93587077 0.103819533
Elastic- Train 53.2235222 24.6910417 0.136850524
Net Test 59.90078588 10. 47506904 0.107001598
Adaptive Train 53.85439446 28.326864 0.138290066
Lasso Test 60. 00596375 14. 71356067 0.103467083
Train 53.07709506 24.63762732 0.140139947

SS-PAC
Test 59.66530113 10. 2853573 0.092591948

M5 M3 6 2 =5 al A, CHh A AL SR BT 6 4

221200131-5



Com puter Science

HHAHLE Y Vol

50,No. 11A,Nov. 2023

HF i e e I R B 10 2 4 b, AR T A 7 1 SR T
SEIAF Y. Lasso Ml Elastic-Net F &R T 5 AN HII K F,
BERIR 22 R K. Adaptive Lasso fl SCAD B AR #E B T 1 2 1)
AT R (H 58 22 0 Bl =2 15 R AE 5 Rl B e 4Bl ROR
2%,

FHE 2,3 5 Ry H A A B 5 8 s R R S S8 I
LR, AT LB A 7R L U pm2. 5 R B0 — B 4 gk
TR LR I8 J2 76 I 2R 4R 38 2 M AR #F A T e s R . 7
AR AN S B0l 4R v S A AL B AR IR AR IR 25 (H IR T A
B e/ ABLEMR AR EIX B RN R 2 M HAE YRR T iR 22
i 22 (B fe /N A L 25 MR /0 o iy AT 00 AT Ay A8 2 A S
B 1 B 81 75 370 5048 o o7 FH A 2 AT AT Y

ZRIE A B —Fh T spike-and-slab 5 56 #9 U1 it
1 J2 Y 8] HI AR A (SS-PAC) . 8945 DL 1 3By 74 2 0k 4% 7
B A H] ¥ 5 15000 B 5, 4l B A B B R PE Y spike-and-
slab S50 345 G I 18] )¥ 51 K4 00 11 AR ¢ R B v DL B
B 1) 3 A A, [R] B (R R SR A A X SR AN 2 B AT
W7 . R H] Gibbs $f1 4 53 5 52 00 oK 41 43 A JF R 47 4 #7 , 45 2R
W S, AT 45 R A . 8 SRR 5E R B, SS
PAC BB 7 5 2% (R85 DL I 42 0% 5 2 F ik 8] O 3 040 1
54& 48 )7 ¥ Lasso, SCAD, Elastic-Net, Adaptive Lasso A I,
SS-PAC B T [ vl 6 4 18 A2 S 8 A 0 AR A, I )
J7 5 TR 45 R A

2 % x o

[1] DE GOOIJER ] G,HYNDMAN R ].25 years of time series
forecasting[ ] ]. International Journal of Forecasting, 2006, 22
(3):443-473.

[2] TIBSHIRANI R. Regression shrinkage and selection via the las-
so[ J]. Journal of the Royal Statistical Society: Series B( Methodo-
logical) ,1996,58(1) :267-288.

[3] FAN J,LI R. Variable selection via nonconcave penalized likeli-
hood and its oracle properties[ J]. Journal of the American Sta-
tistical Association,2001,96(456) :1348-1360.

[4] 7ZOU H, HASTIE T. Regularization and variable selection via
the elastic net[]J]. Journal of the Royal Statistical Society: Series
B(Statistical Methodology) ,2005,67(2) :301-320.

[5] ZOU H. The adaptive lasso and its oracle properties[]J]. Journal
of the American Statistical Association, 2006,101(476):1418-
1429.

[6] VERBESSELT J,ROBINSON A,STONE C,et al. Forecasting
tree mortality using change metrics derived from MODIS satel-
lite data[J]. Forest Ecology and Management, 2009, 258 (7) ;
1166-1173.

[7] ZHANG C M,ZHANG Z ]. Regularized estimation of hemody-
namic response function for fMRI data[ J]. Statistics and Its In-
terface,2010,3(1):15-31.

[8] MITCHELL T J,BEAUCHAMP ] ]. Bayesian variable selection
in linear regression[ J]. Am Stat Assoc, 1988, 83 (404):1023-
1032.

[9] GEORGE E I,MCCULLOCH R E. Variable selection via gibbs
sampling[J]. Am Stat Assoc,1993,88(423) :881-889.

[10] KUO L,MALLICK B. Variable selection for regression models
[J]. Sankhya Indian J Stat Ser B,1998,66(1) :65-81.

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

221200131-6

YANG A,XIANG J,SHU L,et al. Sparse Bayesian Variable Se-
lection with Correlation Prior for Forecasting Macroeconomic
Variable using Highly Correlated Predictors[ ] ]. Computational
Economics,2017,51(2) :323-338.

FRANKE P M, HUNTLEY B,PARNELL A C. Frequency se-
lection in paleoclimate time series: A model-based approach in-
corporating possible time uncertainty[ ] ]. Environmetrics,2018,
29(2):1-19.

LI Y.LUND R, HEWAARACHCHI A. Multiple changepoint
detection with partial information on changepoint times [ ] ].
Electronic Journal of Statistics,2019,13(2):2462-2520.

CHEN C W S,LIU F C,PINGAL A C. Integer-valued transfer
function models for counts that show zero inflation[ ]]. Statistics &-
Probability Letters,2023,193(1):109701.

NELDER J, WEDDERBURN R. Generalized Linear Models[ ] ].
Journal of the Royal Statistical Society,1972(1) :370-384
SAMORODNITSKY S,HOADLEY K A.LOCK E F. A hierar-
chical spike-and-slab model for pan-cancer survival using pan-
omic data[]]. BMC Bioinformatics,2022,23(1) :235.

LIU J S, XIA Q. Bayesian Statistical Method Based on MCMC
Algorithm [ M. Beijing: Science Press.2016.

JOSHUAS. A Conceptual Introduction to Markov Chain Monte
Carlo Methods[ J]. arXiv:Other Statistics,2019.

POSCH K, ARBEITER M,PILZ J. A novel Bayesian approach
forvariable selection in linear regression models[]J]. Computa-
tional Statistics and Data Analysis,2020,144(1):106881.
OUYANG L,PARK C,MA Y,et al. Bayesian hierarchical mod-
elling for process optimization[ ] ]. International Journal of Pro-
duction Research,2020,59(15) :4649-4669.

LIN Z, VEERABHADRAN B. Bayesian hierarchical structured
variable selectionmethods with application to molecular inver-
sionprobe studies in breast cancer[J]. ] R Stat Soc Ser C Appl
Stat,2014,63(4) :595-620.

MITCHELL T J,BEAUCHAMP ] ]. Bayesian Variable Selec-
tion inLinear Regression[ ] . Journal of the American Statistical
Association, 1988,83(404) :1023-1032.

LIU Z,ZHOU ] L,DONG C L. Bayesian estimation of multiva-
riate linear regression change point model based on MCMC algo-
rithm [J]. Henan Science,2020,38(8) :1210-1214.

VERONIKA R, EMMANUEL L,JOLANDA L, et al. Hierar-
chical Bayesian formulations for selecting variables in regression

models[ J]. Statistics in Medicine,2012,31(11/12):1221-1237.

GUO Chenlei, born in 1997, postgra-
duate. Her main research interests in-

clude variable selection and so on.

LI Dongxi, born in 1982, Ph.D,associate
professor, postgraduate supervisor. His
main research interests include high di-
mensional data analysis, data mining,
machine learning, biostatistics and bio-

logical mathematics.



