The Application of Seasonal Adjustment Methods Using State Space Model
to the Labour Force Survey

Isao Takabe

7z AIC

In this paper, | considered seasonal adjustment method using some simple state space
models which were based on the various seasonal component models, and applied these methods to
the time series of Japanese labour force survey. The results of seasonal adjusted series are
compared. The result based on the "parallel" type seasonal component model, in which each
seasonal frequency component were driven independently, was superior to the results based on the
other models in terms of AIC.
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weighted

taul tau2

tandem average parallel
taul 0.9999996 1 0.9999999
tau2l 0.1393238 0.2771239 |9.444677E-03
tau22 — — 0.01064509
tau23 — — 1.818776E-07
tau24 — — 1.077925E-10
tau25 — — 1.372306E-04
tau26 — — 2.880193E-10
Sig2 135.7297 117.8941 126.5207
phi — 0.8999994 —
log-likelihood -1567.341 -1538.379 -1529.32
AIC 3138.682 3082.757 3072.641

2
weighted

tandem average parallel
taul 0.99999875 0.9999998 0.9999808
tau2l 0.05082051 0.1371198 |7.724665E-03
tau22 — — 7.283361E-03
tau23 — — 1.034163E-03
tau24 — — 1.281157E-07
tau25 — — 4.667289E-10
tau26 — — 2.651903E-05
Sig2 16.71939 | 14.81266000 | 14.34839000
phi — 0.8999988 —
log-likelihood -1179.783 -1160.918 -1147.949
AIC 2363.566 2327.836 2309.897

3
weighted

tandem average parallel
taul 0.99999953 1 0.9999713
tau2l 0.08158575 0.2605237 | 0.01630494
tau22 — — 0.01709464
tau23 — — 3.877839E-03
tau24 — — 1.123880E-06
tau25 — — 3.380603E-04
tau26 — — 3.256602E-13
sig2 121.3291 102.6192 100.1332
phi — 0.8999996 —
log-likelihood -1534.031 -1512.493 -1503.89
AIC 3072.062 3030.986 3021.78

sig2
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## Title: Seasonal Adjustment by State Space Model

## Method: State Space Model & kalman Filter

## Date: 2005/4/15

## Software: R

## Reference: (1999) . p-279 - 294
HHHHH R R R R R R R R R R R R R R R R R R

#
# ... Lord Package ...
#
library(ts)
library(MASS)
#
# ... Seasonal Adjustment by State Space Model ...
#
Adjust <- function (model, period, initpar)
{
SetModel (model)
Y <<- Ydt[period]
leng <<- length(Y)
initpar <- Init(initpar)
lastpar <- Opt(initpar, model)
Kalman(lastpar, ''sm'™, model)
}

... Kalman Filter: One Step Ahead Prediction and Filter ...

#* H H

Kalman <- function(par, type, model)
{
it (type == "sm") {
XPS <<- XFS <<- matrix(NA, sdim, leng)
VPS <<- VFS <<- array(NA, c(sdim, sdim, leng))

}
F <- FO
it (model == "WA™) {

param <- exp(par[1l:2]) / (exp(par[1l:2]) + 1)
phi <- 0.9 * exp(par[3]) /7 (exp(par[3]) + 1)



FI[2, 2:sdim] <- F[2, 2:sdim] + phi
} else {
param <- exp(par) 7/ (exp(par) + 1)
}
Q <- diag(param)
XF <- XO
VF <- VO
wrkl <- wrk2 <- 0O
for (iter in 1l:leng) {
XP <- F %*% XF
VP <- F %*% VF %*% t(F) + G %*% Q %*% t(G)
r <- as.vector(Y[iter] - H %*% XP)
d <- as.vector(H %*% VP %*% t(H) + 1)
KG <- VP %*% t(H) / d
XF <- XP + KG * r
VF <- VP - KG %*% H %*% VP
if (iter > 36) {
wrkl <- wrkl + (r ~2) /7 d
wrk2 <- wrk2 + log(d)

}

it (type == "sm™) {
XPS[, iter] <<- XP
XFS[, iter] <<- XF
VPS[, , 1ter] <<- VP
VFS[, , iter] <<- VF

}

}
N <- leng - sdim
sig2 <- wrkl / N
lik <- -0.5 * (N * log(2 * pi * sig2) + wrk2 + N)
if (type == "IK™) {
return(-1 * lik)
}
res <- Smooth(F, model)
AIC <- -2 * lik + 2 * length(par)
it (model == "WA™) {
param <- c(param, phi)
}
names(param) <- Label(model)
list(TCl = res$TCIl, S = res$S, par = param, sig2 = sig2,
AIC = AIC, LKHD = Tlik)



# ... Fixed Interval Smoother

#
Smooth <- function(F, model)
{
TCI <- S <- rep(NA, leng)
XS <- XFS[, leng]
it (model == "parallel') {
S[leng] <- sum(XS[c(2, 4, 6, 8, 10, 12)])
} else {
S[leng] <- XS[2]
}
TCI[leng] <- Y[leng] - S[leng]
for (iter in (leng - 1):1) {
XP <- XPS[, iter + 1, drop = FALSE]
XF <- XFS[, iter, drop = FALSE]
VP <- VPS[, , iter + 1]
VF <- VFS[, , iter]
A <- VF %*% crossprod(F, ginv(VP))
XS <- XF + A %*% (XS - XP)
it (model == "parallel™) {
S[iter] <- sum(XS[c(2, 4, 6, 8, 10, 12)]D
} else {
S[iter] <- XS[2]
}
TCI[iter] <- Y[iter] - S[iter]
by
list(TCl = TCl, S = 9S)
}
#
# ... Nonlinear Numerical Optimizer
#

Opt <- function(initpar, model){
fun <- function(par) Kalman(par, "1k", model)
res <- optim(initpar, fun,
control = list(trace = 2, maxit 1000))
res <- optim(res$par, fun, method = "BFGS",
control = list(trace = 2, maxit 100))
res$par



# ... Set State Space Model

#
SetModel <- function (model)
{
sdim <<- 12
it (model == "WA™) {
sdim <<- sdim + 1
}
FO <<- matrix(0, sdim, sdim)
H <<- t(rep(0, sdim))
FO[1, 1] <<- H[, 1:2] <<- 1
if (model == "parallel™) {
for (i in seq(2, 10, by=2)) {
FO[N + 1, 1] <<- H[, 1 + 2] <<-1
FO[i, 1 + 1] <<- -1
FO[N, 1] <<- 2 * cos(pi * 1 / 12)
}
FO[sdim, sdim] <<- -1
gdim <- 7
} else {
gdim <- 2
FO[row(FO) == col(FO) + 1] <<- 1
FO[2, 2:sdim] <<- - 1
FO[2, 1] <<- O
if (model == "WA™) {
FO[2, sdim] <<- O
}
}
G <<- matrix(0, sdim, gdim)
G[1, 1] <<-1
for (k in 2:gdim) {
G[2 * (k - 1), K] <<-1
}
}
#
# ... Label of the Estimated Parameter
#
Label <- function (model)
{

switch (model,
"WA"™ = return(c("taul™, "tau2”, "phi™)),
"tandem” = return(c('taul’, "tau2™)),
“parallel”™ = return(c(taul™, "tau2l™, "tau22',
"tau23™, ""tau2S4', "tau25", '"tau26'"))



#
# ... Set Initial State and Transform Starting Value
#
Init <- function (initpar)
{
X0 <<- matrix(rep(0, sdim))
XO[1] <<- mean(Y[1l:12])
VO <<- diag(100000 * var(Y[1:12]), sdim)
log(initpar /7 (1 - initpar))
}
#
# ... Read Data and Estimate
#

Ydt <- scan("'D:/emp.txt™)

resultl <- Adjust('tandem'™, 1:360, c(0.8, 0.0001))

result2 <- Adjust("WA"™, 1:360, c(0.8, 0.0001, 0.75))

result3 <- Adjust('parallel™, 1:360, c(0.8, rep(0.0001, 6)))

YO <- ts(Y[240:360], start = c(1995, 1), frequency = 12)
TCI1 <- ts(resultls$TCI[240:360], start = c(1995, 1), frequency = 12)
TCI12 <- ts(result2$TCI[240:360], start c(1995, 1), frequency = 12)
TCI3 <- ts(result3$TCI[240:360], start = c(1995, 1), frequency = 12)
plot(YO, type="1", main = "employed”, xlab="year",
ylab="employed (Ten thousand persons)", Ity=2)
points(TCI1l, type 1", col = "red™)
points(TCl12, type = "1, col "blue™)
points(TCI3, type 1", col green™)
legend(2002,6600, c(original', "tandem', "weighted average',
"parallel™), col = c("black', "red”,"blue™,"green'),
Ity = c(2, 1, 1, 1), merge = TRUE)





