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Dynamic Linear Model



FFBS Algorithm

Forward Filtering
l Normal linear analysis by Kalman filter
l Delivers normal  
Backward Sampling
l At t=n, sample,  ),(~)|( ttttt NDfrom Cm??
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Dynamic Model on Time Series

l Data: Two time series data 
l Number of people who come to ED a day   

from Jan.1. 1993 ~ Nov. 10. 2003
l Number of people who have got  chest 

radiography
l Two sequences are correlated. Corr=0.3



Data Description
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Continue…
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So..

l Residuals are

l Fit arma(2,1) model to residuals 

l Dynamically estimate the coefficients
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Dynamic Model
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Posterior at t-1, ),(~]|[ 1111 −−−− tttt ND Cm?
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Forward Filtering



Backward sampling

l At  t=n, sample

l
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Posterior distributions
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Posteriors…
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Continue…
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RESULTS 
4000 times iteration with 3000 burn-in
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Continue…
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Histogram of p1[3000:4000]
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Further Study

l Discrete uniform prior on model order
l Informative priors on AR(P) to get stationarity
l Instead of using residuals, multivariate 

dynamic model for (total count, xray-count)


