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1 Introduction

The study of nonlinear time series models has received a great deal of attention during
the last three decades. One of the most popular nonlinear time series models is the threshold
autoregressive (TAR) model proposed by Tong (1978,1983). For this model see also Tong and
Lim (1980), Tong (1990) and Tasy (2005), among others. The TAR models can be used to
describe many nonlinear phenomena such as limit cycles, chaos, harmonic distortion, jump
phenomena and time irreversibility. Hansen (2011) summarized the impact of the TAR model
in the fields of econometrics and economics.

Some authors have applied Bayesian approach to estimating unknown parameters in the
TAR model to avoid complicated analytical works and numerical multiple integrations in its
statistical inference. The intractability of posterior distributions has led to some interesting
approaches to model selection and parameter estimation based on Markov chain Monte Carlo
(MCMC) methods. For example, Geweke and Terui (1993) considered Bayesian TAR model
for nonlinear time series. Mcculloch and Tsay (1993a, 1993b) proposed a Bayesian procedure
for detecting threshold values in the TAR model via posterior probability plots. Chen and Lee
(1995) applied Gibbs sampler and Metropolis-Hastings (M-H) algorithm to inference of TAR
models. Chen (1998) gave a Bayesian analysis of generalized TAR models. Chen et al. (2008)
considered Bayesian estimation for parsimonious TAR models. Moreover, Safadi and Morettin
(2000) considered Bayesian analysis of threshold autoregressive moving average models. Ismail
and Charif (2003) considered Bayesian inference of threshold moving average models. So et
al. (2005) proposed a Bayesian threshold nonlinearity test for financial time series. Some
authors have considered multiple-regime TAR models. For example, Chen, Gerlach and Lin
(2010) investigated three-regime TAR models with GARCH errors and Bayesian methods for
estimation and model selection as well. Brooks and Garrett (2002) considered a three-regime
TAR model (SETAR) by the frequentist approach to explain the (mean) dynamics of spot and

future markets. In this work, we consider to analyze possible multiple-regime TAR models,



where the number of threshold values is unknown, which is an alternative to the exiting works.

We want to propose a data-driven Bayesian approach to analyze of possible multiple threshold
values in the TAR model. The main idea of the proposed method is to introduce a sequence
of random variables which take the value 1 at those positions associated with threshold values,
and 0 otherwise. In our Bayesian framework, the unknown threshold-dependent parameters are
estimated using their posterior distributions via maximum a posteriori (MAP) estimation, which
possesses good statistical properties (see, e.g., Lavielle and Moulines, 2000). A hybrid MCMC
method, which combines the basic Metropolis-Hastings (M-H) algorithm and Gibbs sampler,
is used to estimate the threshold-dependent variables and other model parameters. Since the
number of the regimes in the TAR model is not assumed to be fixed, so the method introduced
here is more flexible than those proposed in the existing literatures on Bayesian analysis of TAR
model.

The rest of this paper is arranged as follows. Section 2 presents the TAR model and the
methodology of our Bayesian approach. Section 3 gives the details of the procedure of computing
MAP estimation via MCMC method. Simulation results and a real data example are provided in

Section 4. Section 5 is our conclusion. The proof of our theoretical result is given in Appendix.

2 Threshold Autoregressive Model and Bayesian Inference

2.1 TAR Model

A time series {y;,t = 1,2, ...} is said to follow a TAR model with k regimes if it satisfies the

following equation
(T Géj) + 29,@)%_@- +el), for Tj—1 < Yt—d < T, (2.1)
i=1

where j = 1,2, ..., k. For each j, {agj )} is a sequence of independent and identically distributed
(ii.d.) random variables with normal distribution N (0,0]2-). The threshold values 7;’s satisfy

—o0o=1r9 <71 <+ <71, =00 and form a partition of the space of y;_4. The positive integer d



is referred to as the delay (or threshold lag) parameter of the model. We denote the TAR model
(2.1) by TAR(k; q1, ..., qx). The TAR model is a piecewise linear model in the space of y;_4, but
not a piecewise linear model in time. Tong (1990) provided an excellent review of this type of
models.

Suppose there exits a positive integer ¢ such that 0 < k,d,q; < ¢q,i = 1, ..., k, and the first
q observations {y1,...,y,} are given. Let m; be the time index of the ith smallest observation
of {Ygt+1-dsYgq+2—d; -+ Yn—da}- Then yr, < yry < ... < Yr,_, and yr; € {Yg41-d>--»Yn—da}. Let
Y = (YUry+d) Ynotds s Yrn_g+d), and ©; = (Héi),é?(i),...ﬁé?)’,i = 1,2,....,k. Given the first ¢

observations, the (conditional) probability density function (p.d.f.) of Y is expressed as

fY104,07,1,1 < i < k;d)
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k
2\—n; /2 1 * * 1y * *
x (o7) exp _@(Yz’ - X70,) (Y = X70;) ¢, (2.2)

=1

where the symbol o< means direct proportion, s;,i = 1,2,...,k — 1, satisty yr,. < ri < yr, .,
so=0,8, =n—gq, and

* !/
}/i = (ywsi71+1+d7 yﬂsi71+2+d7 ceey yﬂ'si-l-d)

is the observations generated by regime ¢ in order of occurrence,

* /
Xi = (wi78i,1+17wi,81‘,1+27 "'7:67;,82‘)

is an n; X (g; + 1) matrix with z;; = (1, Yz, 4d—1, --» Yr,+d—q; ), While n; = s; — s,_1 is the width
of regime 7. The parameters to be estimated for the TAR model are k, @i,af,m,z’ =1,..,k,
and d.

In order to estimate the threshold values {r;}, we introduce a random process {v;} defined

by

1, if there exists ¢ suth that ¢t = 7y, + d,
M—q = (2.3)
0, otherwise,



t=q+1,2,...,n — 1. Then the estimation of the threshold values r;,i = 1,--- , k, reduces to

the estimation of the vector v = (y1,..., YTn—q—1) and the delay parameter d. In fact, if 7, = 1,

then 7y, = ¢4 g — d is determined, so that an interval that a threshold value r belongs to can be

determined by the inequality yr, <7 <yr, ,,, where yr, = Yiyq—q, while yr_, is just greater

than y;44—q in the set {ys4+1-d, ..., Yn—q}. Note that the number k of the threshold values can
n—qg—1

be estimated by K, = Y. 7+ 1. Denote © = (04, ...,0k. ) and o2 = (5%, ...,0%{7), then the
k=1

likelihood function of the parameters ©,~,0? and d can be written as

K’Y
—-n 1 * * * *
L@t ay) o JTot) e { - 507 - Xpow' o7 - e . @)
k=1 k

2.2 Bayesian Inference

We shall adopt a Bayesian approach to inference of the TAR model based on the posterior
distribution of unknown parameters. To this end, we need to define the prior distribution of
parameters.

Firstly, we consider {~;} to be a sequence of i.i.d. Bernoulli random variables. Then for any
¥ = (Y15, Yng—1) in © = {0,1}"797, the prior probability mass function of  given d is given
by

m(yld) = A THL = N, (2.5)

where A € [0,1] is the Bernoulli parameter, which represents the prior probability that there are
thresholds at some given positions.

Given v and d, we take the prior of ©;,7 = 1,..., K, to be independent multivariate nor-
mal distribution N (G)Oi,Vi_l) and a?,z’ = 1,...,, K,, independent inverse gamma distribution
IG(v;/2,v;\i/2). The prior of d is assumed to follow a discrete uniform distribution on a set
D ={1,...,dy}, denoted by 7(d), where dj is a prescribed positive integer.

Let ¢ = (X, do, Ous, Vi, vi, Aiyi > 1) denote the set of hyper-parameters, which are assumed
to be known. To implement Bayesian inference, we need the joint posterior distribution of

(©,7,02,d), which combines the prior distributions and the likelihood function.



The joint prior distribution of (6,7, 02, d) can be expressed by
m(0,7,0%,d) = 7(By, d)m(c*|y, d)7 (v|d)(d). (2.6)
The joint posterior distribution of (©,~,02,d) is

Ky
1
o exp = o (V7 = X[0R) (Y = XiO%) + vkl
k=1"k
K, )
1
X H(27r)‘(q’“+1)/2|Vk|§ exp {—5(@k — @Ok)/vk(@k — @0k)}
k=1
Ky N\
X H(Uz)_(nk+vk+2)/2 <ﬁ> . (27)
k=1

Using standard Bayesian techniques, we derive the conditional posterior distributions of

2
@i7ai7

i=1,2,..., K, and d as follows.

The conditional posterior distribution of ©; is independent of ©; for ¢ # j and
0,Y,v,0%,d ~ NO;, VY, i=1,.., K, (2.8)

where

X¥ X*

g;

and

X¥Xr .
o = (V)™ ( 202 ~0; + Vi®0i>

with ©; = (X X))\ XFYr, i=1,.., K,.

The conditional posterior distribution of ¢ is independent of U? for i # j and

(2.9)

i+ i Ui + nS?
Y07~ 16 (P AL,

i.e.

Ui + n; S? ’
SR, 0,7, P i ), i = e K
1

where n; = s; — 8,1, 5% = nl_l(YZ* - X/0,) (Y — Xr0,).



The conditional posterior distribution of d is a multinomial distribution with probability

mass function

L(©,7,0% d|Y)

fdY,0,v,0%) = . d=1,2,....do, (2.10)

do
> L(©,7,0%,d]Y)
d=1

where L(©,v,02%,d|Y) is the likelihood function defined by (2.4).

Thus, conditionally on the observations and other parameters, ©;,7 = 1,--- , K,, remain
independent and follow normal distributions, 0'2-2,1' =1,---, K, remain independent and follow
inverse gamma distributions. All the conditional posterior distributions of the unknown param-
eters, except for -, can be identified. The estimates of the parameters should be computed by
a hybrid MCMC method which combining M-H algorithm and Gibbs sampler.

The posterior distribution of « is proportional to

Ky

L(©,7,0%,d|Y) [ [7(8ilr, d)w(o? |y, d)m(v|d)w(d). (2.11)
1=1

By integrating the parameters ©;,7i = 1,--- , K, in (2.11), we obtain the conditional posterior

distribution f(v,d|Y, c?) given by the following Theorem.

Theorem 1. For any configuration of ¥ = (1, ..., Yn—q—1), let K be the number of regimes and

1

Si2 = ;Yk*'Y,: — ey vye;, (2.12)
k

where O3 and V¥ are defined as in (2.8). Then the conditional posterior distribution of (v, d)
given (Y,0?) is given by

f(r.dlY,0%) x exp {-U(v,d|Y,0%)}, (2.13)

where v € Q = {0,1}""971  de D =1{1,...,do} and

Ky

1
U(y,d|Y,o?) = 5 Y (587 + wr) + BE, (2.14)
k=1
in which
2 / Uk Ak
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k
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The proof of Theorem 1 is presented in Appendix 1.
If 0? = ... = 02 = 02 and the prior distribution of o2 is IG(v/2,vA/2), then the likelihood

function (2.4) reduces to

K
—(n— 1 - * * * *
L(©,7,0%,d|Y) o< (6%) """ exp § —o— ;m - XpOn) (Y7 = XiOp) p . (215)

In this situation, the conditional posterior distribution of o2 is

—q vA+S?
oY, 0,~,d ~ IG (““; 1,22 “’), (2.16)
Ky
where S,2Y = g_:l(Yk* — X01) (Y} — X[©y), and the quantity wy in (2.14) reduces to
wg = (qk + 1) 111(27T) —In ’Vk’ + 9;0%@,{0. (2.17)

The proof of (2.17) is given in Appendix 2.
It follows from Theorem 1 that the conditional marginal posterior distribution of « is given
by
do
FOY,0%) o > L(v,dlY, %), (2.18)
d=1
where L(v,d|Y,0?) = exp {—U(v,d|Y,0?)} and U(~, d|Y, 0?) is defined by (2.14). Consequently,

a simplified conditional posterior distribution of d is obtained with probability mass function

L(~,d|Y,o?

F(dY,,0%) = = dY.07) o e, (2.19)
dE (v, d[Y,c?)
=1

It is noticed that for any 1 < i < n — ¢ — 1, the conditional posterior distribution P(y; =
1|Y, 02) gives the probability to have a threshold value r € [Yrs,» Yr,,41) Where mg, = i+q—d. For
a given estimate 62 of o2, the MAP estimate of 7 is one of the standard Bayesian estimations

defined by
4 = argmax f(v|Y), (2.20)
gl
where f(7]Y) = f(7|Y,6?). Unfortunately, closed-form expressions of MAP estimate of v can

not be obtained. We will use an M-H procedure in the MCMC sampling to carry out numerical

computation for ~.



3 MCMC method

The MAP estimate of ~ is obtained by constructing a homogeneous Markov chain using the
M-H algorithm with the invariant distribution f(y|Y’). In this procedure we will use a simulated
annealing (SA) algorithm. The SA algorithm defines a non-homogeneous Markov chain which
converges, under appropriate conditions, to the maximizer of the posterior probability density
function f(y]Y). A decreasing temperature schedule is introduced in the SA algorithm, which
modifies the acceptance probability.

Denote the current state of Markov chain by v(®) = (fyy), ey 'yy(fl q—l)' The M-H algorithm is
an iterative procedure. At iteration i+ 1, we carry out the following two steps:

Step 1: a candidate 7 is drawn from a proposal kernel Q(v(, 7).

Step 2: 7 is accepted as the (i + 1)th new state, i.e. v+ =4, with the probability

5 5~
o(3,7) = min {1 FO1QG. ;)}; 51)

(7,
CFOY)Q(E
otherwise, 4+ = ~(),

In order to enhance the speed of convergence, it is important to allow more communications
between the states with high probabilities. This can be done by using the following three kernels
@1, Q2 and Q3 successively at each iteration:

(1) @1 is a proposal kernel from which the candidate 7 is drawn independently of the current
state v defined by Q1(v,%) = 7(7), where () is the prior density (2.5). The independent sam-
pler allows for rapid motion to distant parts of the state space. However, the global acceptance
probability for this sampler is very low for large data sets.

(2) Q2 is a proposal kernel by which a new threshold is created or an existing threshold
is removed. In this move, local changes are made from the so-called one-variable-at-a-time M-
H algorithm suggested, for instance, by Chib and Greenberg (1995), to increase the speed of
convergence. More precisely, a random permutation of {1,....,n — ¢ — 1} is uniformly drawn.

According to this permutation, each component is flipped from 0 to 1 or from 1 to 0. The move



is accepted with the usual acceptance probability. This move visits each site randomly and all
sites are visited in each scan.

(3) Q3 is a proposal kernel by which an existing threshold is moved. In this move, two
time points s; and sy are randomly chosen such that v5, = 1 and 5, = 0. Then, 4 = 7, for
all t # s1,s2 while 45, = 0 and 745, = 1. The threshold value is finally moved and accepted
according to the acceptance probability. Such move is very important since it avoids trapping
in a threshold neighborhood.

Each kernel is used in turn and the resulting hybrid strategy is called a cycle. The resulting
cycle kernel is irreducible and aperiodic (see, e.g., Chen and Lee, 1995).

In the MAP algorithm, a Markov chain is constructed to simulate the target distribution
f(]Y). At each step of the cycle, the acceptance probability is defined by (3.1). A schedule
for lowering the temperature is defined by Ty = 0.97;_1, where Ty is greater than a numerical
constant. This temperature decrease is made at each step of the independent sampler. If R is

the outcome of a uniform drawing on [0, 1], then

~ it RTe < JGIQGAD)
Al 7 it B < JOOY)IQ(® 7)? (3.2)

~@ otherwise,

where T} is the current temperature. After a sufficiently long burn-in, the MAP estimate of ~y
is determined by computing the time average of output samples of the Markov chain.

To find the MCMC estimates for all parameters (7,02, ©,d), start with initial values for
the parameter o2, and then cycle through the following steps. The estimate of v is obtained
from the above M-H procedure. Then for given values of o2 and v, the value of d is obtained
from the conditional posterior distribution f(d|Y,~,c?) given by (2.19). Next for given values
of (¢2,7,d) the values of ©;’s are obtained from the distributions given by (2.8), and for given
values (©,7,d) the values of o?’s are obtained from (2.9). After a sufficiently long burn-in,
compute the mean of output samples of the Markov chain for each of the parameters, which
are the MCMC estimates of the parameters. Thus the estimates of these parameters can be

obtained by a hybrid MCMC method combining Gibbs simpler and M-H algorithm.

10



The above procedure can be implemented once again. In the first stage the threshold values
should be determined under some given integers q1, ..., gx, where g; is the order of the autoregres-
sive model in regime j. The hyper-parameters ¢ = (A, dg, ©;, Vi, v, Aj, i > 1) should be selected
in somewhat arbitrarily. Once the threshold values are determined, other parameters should
be estimated by Gibbs sampling methods, and the order of the autoregressive model in each
segment can be determined by AIC criterion. In the following stages, the orders and the hyper-
parameters of the model should be determined from the early stages. With these quantities the
number and positions of the threshold values should be estimated again and consequently the
other parameters can be estimated again. The procedure should be implemented further until

the best result is obtained.

4 Simulation and Application Examples
4.1 Simulation Experiments

In this subsection, we use three simulation examples to demonstrate the efficiency of our
method. We will generate data from the models with known parameters and then using the data
to estimate model TAR(k;q1,...,qr). The efficiency of our method can be seen by comparing
the estimated results with the source models.

Example 1: AR(1)

ye = 0.5ys—1 + €y, (4.1)

where ¢; ~ N(0,4).

Example 2: TAR(2;1,1)
Yy = 0.5yt_11(yt_1 < _04) — 0.5yt_1l(yt_1 > —04) + &¢, (42)

where ¢, ~ N(0,4) if y;—1 > —0.4 and & ~ N(0,1) otherwise, I(A) stands for the indicator

function of A, i.e. I(A) =1 if A is true and 0 otherwise.

11



Example 3: TAR(3;1,1,1)

ye = 0.0y, 11(y—1 < —1.4)+ 0.5y, 11(-1.4 <y 1 <0.8)

—0.5yt_1l(yt_1 > 0.8) + &¢, (4.3)

where e, ~ N(0,1) if y4—1 > 0.8, ¢4 ~ N(0,4) if y—1 > —1.4 and y;—1 < 0.8, and &, ~ N(0, 2.25)
ify;—1 < —14.

We generate 100 samples of size n = 200 from the models in Examples 1 and 2 respectively,
and 100 samples of size n = 400 from the model in Example 3. The hyper-parameter A for the
three examples are chosen as 1/(n — ¢ — 2). The other hyper-parameters used in the MCMC
algorithm are given by {dyp = 3,601; = 0,V; = 0.1,7 > 1}. We take g = 3 for all three examples.
For each sample we conduct MCMC estimation based on the model TAR(k;1,...,1). Simulation
results change very little when we increased the length of Markov chain to 5000 cycles. This
indicates that the Markov chains have attained convergence. The estimates of all parameters
are obtained by using 5000 iterations after 5000 burn-in cycles. Fig.1, which is depicted by
summarizing 100 independent samples from each model, presents the box plots of the average
absolute error (AAE) between the true values and estimates of y.s for all three examples. It is
shown that our method is fine because the AAEs are quite small.

To illustrate our algorithm more thoroughly, we study a sample for each example. The
estimates of the marginal posterior probabilities {P(y; = 1|Y),t = 1,...,n — ¢ — 1} by the
MAP algorithm are plotted in Fig.2. For Example 1, no threshold was detected. For Ex-
ample 2, the probability of 4 = (0,...,0,9159 = 1,0,...,0) is 0.82. This result indicates that
K, = 2 and r; € [-0.5287,-0.4718). Similarly, for Example 3, the probability of 4 =
(71 = 0,...,992 = 1,0,...,0,9290 = 1,0,...,0) is near to 0.7. The estimated threshold values
are r; € [—1.3570,—1.4974) and ro € [0.7705,0.8077). Tables 1 to 3 provide the averages of
posterior means, medians, standard deviations, and 95% Bayesian credible intervals over the
100 replications after the burn-in period for all parameters. For integer parameters, d and k, we

report the average of MAPs, with corresponding probability estimates in the brackets. This in-
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dicates that our method is effective. To assess the convergence of the Markov chains intuitively,
we use the trace plots of the sampling process for model parameters. Fig.3 to Fig.5 present the
trace plots for the three simulated models, respectively. It can be seen that the Markov chains

are stationary, which indicate that the chains have attained convergence.

Table 1 Simulation results for AR(1)

Parameters | True value Means Medians Standard deviations Credible intervals MAP
o 0.5 0.4716  0.4721 0.0613 (0.371, 0.573) -
o2 4 41831  4.1561 0.4226 (3.539, 4.912) -
k 1 - - - - 1(96%)
Table 2 Simulation results for TAR(2;1,1)
Parameter | True value Means Medians Standard deviations Credible intervals MAP
o\ 0.5 0.4228  0.4239 0.0646 (0.316, 0.527) -
o 0.5 -0.5554  -0.5559 0.0818 (-0.834, -0.308) -
o2 1 1.5921  1.5814 0.0971 (1.322, 1.899) -
o2 4 3.6678  3.5641 0.4181 (2.748, 5.028) -
r 0.4 - - - (-0.529, -0.471) -
d 1 _ - - - 1(100%)
k 2 - - - - 2(82%)
Table 3 Simulation results for TAR(3;1,1,1)
Parameter | True value Means Medians Standard deviations Credible intervals MAP
o\ 0.01 0.0385  0.0386 0.0349 (-0.010, 0.085) -
o\ 0.5 0.8789  0.8781 0.1077 (0.554, 1.106) -
o 0.5 0.5282  -0.5281 0.0887 (-0.676, -0.384) -
o2 1 0.9903  0.9749 0.0955 (0.785, 1.255) -
o2 4 3.9565  3.9218 0.1899 (3.222, 4.834) -
o2 2.25 2.4988  2.4778 0.0841 (2.101, 2.957) -
- 1.4 - - - (-1.497, -1.357) -
Ty 0.8 - - - (0.771, 0.808) -
d 1 - - - - 1(100%)
k 3 - - - - 3(68%)

13



AAE of AR(1) AAE of TAR(2,1,1) AAE of TAR(3,1,1,1)

0.4

° ° °
© 4
=]
© -8 °
o o ! @ °
—_r 2 ' E °
=)
1 1 S
°
' ' °
' ' <
' ' o
o
- - ' ' 8
4 1 o 1 —_—
' o ' o | |
l =1 |
'
'
0
o 4 N
S =]
p
' - 1
T ' S '
' ' '
8 —_ e R
=]

Figure 1: Boxplots of AAE between the true values and estimates of y/s for three models
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Figure 2: The marginal posterior distributions of v for three models
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Figure 3: The trace plots of parameters of AR(1) model
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Figure 4: The trace plots of parameters of TAR(2,1,1) model

15



06 1.2
L1111
30 45 6.0
L1111

T T T T T T T T T T T T
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000

Index Index

o2 0,

20 30
L1l

-0.10 0.05
I |

T T T T T T T T T T T T
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000

Index Index

02 63

0.5 1.5

L1
-08 -05
[

T T T T T T T T T T T T
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000

Index Index

Figure 5: The trace plots of parameters of TAR(3,1,1,1) model

4.2 A Real Data Example

In this subsection, we illustrate our method by analyzing a real data example, i.e. sunspot
number, which is yearly data of sunspot numbers from 1700 to 1979, given by Tong (1983).
The series consists 280 observations and is known to exhibit asymmetric cyclic behavior. Fig.6
present the plots of the data with the regime cut-offs for the sunspot numbers.

Various linear and nonlinear models have been proposed for this series. In general, for this
series it seems that different data spans would suggest different models. Among others, Tsay
(1989) employed a three regimes TAR model to analyze the data of sunspot numbers. The AR
orders of the three regimes refined by AIC criterion are 11,10, and 10. In this work, without
restricting the number of regimes, we employ the more general model TAR(k; q1, ..., qr) to fit
the data of sunspot numbers. We use all the 280 observations in model building. The hyper-
parameters are chosen as {¢ = 11, A = 1/269,dy = 3,60;0 = 0,V; = I3, > 1}.

It is seen from the trace plots of the Markov chain that simulation results change very little

when we increased the length of the chain to 5000 cycles. This suggested that the Markov
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chains have attained convergence. The estimates of all parameters are obtained by using 5000
iterations after 7000 burn-in cycles. Fig.7 presents the posterior probability plot of {P(y; =
1Y), t = 1,..,n — ¢ — 1} and the marginal posterior distributions of K, and d. It shows that
three threshold values are detected, i.e. K, = 4, and d = 2. For the MAP algorithm, the
probability estimate of v = (0,...,0,v45 = 1,0,...,0,7137 = 1,0,...,0,7210 = 1,0,...,0) is 0.76.
Thus, the threshold values r1,ry and r3 are detected in the intervals (10.2,10.7), (40.0, 40.1) and
(73.0,74.0), respectively. The orders of each regime selected by AIC criterion are 7,4 11 and 10,
respectively. In fact, the AIC value of our model is 1343.83 which is slightly less than 1379.4, the
AIC value of Tsay (1989). Table 4 summarizes the results of estimated autoregressive coefficients

in each regime and the estimated threshold parameters.

Table 4 Results of estimated parameters for sunspot numbers

Regime i | 6" 6" 65" 6" 6" 6" 6"
1 —4.8808 20866 —2.5091 0.6104 —0.8401 0.8228  —0.2238
(1.8247)  (1.0400) (0.9585) (0.2396) (0.3978) (0.4043)  (0.1233)
2 18.8633 15922  —0.8239 —0.5061  0.2357 - -
(6.0323) (0.3480) (0.3914) (0.2224) (0.1241) - -
3 1.6252  0.8585  0.2014 —0.5022 0.2531 —0.1679  —0.1038
(0.8482) (0.4143) (0.2922) (0.2861) (0.1813) (0.1223)  (0.1417)
4 14945  0.6309  0.1346 —0.1265 0.0178 —0.1783  0.1272
(0.1512)  (0.1085) (0.1186)  (1855)  (0.1721) (0.1145)  (0.1152)
Regime i | 6" 6" 6" 6% oL o2 r;
1 0.3124 - - - - 130.3167  (10.2,10.7)
(0.1518) - - - - (23.82) -
2 - - - - - 166.1455  (40.0,40.1)
- - - - - (28.04) -
3 0.3033 —0.1833 —0.0211 0.0554  0.2077  82.3864 (73.0,74.0)
(0.3825) (0.2534) (0.4167) (0.3825) (0.1127)  (16.27) -
4 0.3550 —0.4292  0.1555  0.1951 - 88.883
(0.2051)  (0.2051) (0.1325) (0.1017) - (13.39)
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Figure 6: The time series of the yearly sunspot numbers
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Figure 7: The marginal posterior distributions of v, K, and d for sunspot numbers
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5 Conclusion

In this paper, we consider Bayesian analysis of TAR model with possible multiple threshold
values. Without assuming fixed number of the regimes, a method of Bayesian stochastic search
selection is introduced for detecting threshold values of the model. For Bayesian inference, we
derived the posterior distributions of the unknown parameters, particularly that of the threshold-
dependent parameters. A hybrid MCMC method combining M-H algorithm and Gibbs sampler
is established to compute the model parameters. The details of the procedure is presented for
computing the MAP estimation via MCMC method. The major advantage of the methodology
introduced here is that it avoids given the fixed number of thresholds, thus is flexible.

Numerical experiments examples show that the approach proposed here is effective in de-
tecting the threshold values for various TAR models. It can handle multiple thresholds in a
direct manner. The real data example analysis shows that our method is feasible in practice.
For the sunspot data, three threshold values are detected by our method, two of them are close

to those detected by Tsay (1989).
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Appendix 1. The proof of Theorem 1

The conditional posterior distribution of (v, d) given (Y, o?) is

fndlY.o?) o / F(0,7,0%, d|Y)dO

x 77(02]’y,d)7r(fy|d)/L(@,fy,aQ,d\Y)ﬂ(@\’y,d)d@, (A1)
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where L(0,v,02%,d|Y) is defined by (2.4) and

L(©,7,d[Y)n(8]y,d)
K,

1 * * * *
x 1_1(01%)_%/2 eXp{_F(Yk — X;:01) (V3 —Xk@k)}
k=1 k
Ky
x [ @m)~ (@D 2|V|2 exp {——(@k — O10) Viu(O) — eko)} (A.2)
k=1

Let ©7,V;" and O}, be defined as before, then we have

(Yk X;0L) (Y — X;0k) + (0 — Ok0) Vi (O — Opo)
oh

= V7 = X0k + X[ (O — Op)]'[Yy — X;Ok + X[ (01 — O))]
+(0k — O10) V(O — Oo)

= z[(Yk X;On) (Y7 — Xi0k) + (O — 01)'(Xi X;)(6r — Op)]
+(
= Sl05 — Xi6L) OF - Xi1) + OLX X{4] + Ol Vi
+(Or — 01)' Vi (0, — 6;) — O3 V7 65
= %%Y;/Yk* — 0L Vi O} + 6,,ViOro + (01 — O1) Vi (O}, — ©})
= 52+ 65,ViOro + (0 — 07) Vi (0 — ©}), (A.3)

+(Or — Or0)' Vi (O — Oko)
)

where S;? is defined by (2.12). Thus the conditional posterior distribution (A.1) reduces to

KW’
1
FOrdly,o?) o J[(oR)™/2(@2m) =@+ D22 exp {—§<Sz2 + egovkeko>}
k=1
xm(0?|y, d)m(y]d)
KW’
- H(O-z)_(”k+vk+2)/2(27-‘-)_(qk+1)/2‘Vk’%
k=1
K K
1 . Vi A\ A v
X eXp{_U(77d|K02)} ) (A4)
where
1 &
Uy, dlY) = B Z(Szz + wi) + K,
k=1

in which wy and (3 are defined as in (2.14). The proof of Theorem 1 is completed.
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Appendix 2. The proof of equation (2.17)

If 07 = ... = 0} = 02 and the prior distribution of % is IG(v/2,v)/2), then conditional
posterior distribution of (v, d) given (Y, 0?) is
fody.e?) [ £(0,5.0% dy)ae
x w(y|d) / L(O, 7,02, d|Y )r(6)]y, d)do, (A5)
where L(0,7,02,d|Y) is defined by (2.15), m(0|y,d) is as before. Then it follows from (A.3)

the conditional posterior distribution (A.5) reduces to

Ky

_ 1 1, .,
FenaYio?) o TTn o2 e {352+ Bjatir) | wrl)

k=1

a /2117 |4 L w2 / A\
X H(Q»]T)_(Qk"‘ )/ |Vk|§ eXp {—g(sz + @ko‘/k@k())} <m>

k=1
X €xXp {—U(’Y, d’Y7 0-2)} ) (AG)

where
-
Uy dY) =5 ;_jl(Sz? +wr) + BK,

in which S}% = 0—12Yk*’Y,: — O V0%, wy is defined by (2.17) and 3 is defined as in (2.14). The

proof is completed.
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