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Introduction

Exponential smoothing techniques are pivotal
in forecasting within economic, financial, and

Random coefficient state-space model
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operational ~management domains. The
evolution from Holt's mitial model to the Single
Source of Error (SSOE) and subsequently the
Multiple Source of Error (MSOE) frameworks
reflects significant advancements in handling
the dynamic aspects of time series data. Our
research focuses on the MSOE model,
specifically 1ts application through Random
Coefficient Markov Chain Monte Carlo (RC-
MCMC) methods. This method leverages

wheret = 1, ..., T, and N (+,-) denotes independent and 1dentically normal distribution, y; 1s the observation at
time t, [, 1s the stochastic trend, b; 1s the slope of 1ts stochastic trend, the term A; 1s a sequence of independent,

identically distributed binary random variables with probabilities:
PA;=1)=¢p,P(A;=0)=1—-0¢,0< ¢ < 1.

Simulation study and application to credit
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Now we discuss an effective posterior sampler provides more precise parameter

— o3t i l i ! i E 1 n Notes. In the short-term sample, the data set for Ireland has been removed as the trend in the

) e o ° b : ! : ! - | data is not clear, 47 in total for short-term sample.
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y of L ' | | 1 o | i i . | e The RC-MCMC estimation method

in model (1). Such estimation method was first ©) Estimation for o @ Bsimaionforcl. | estimation.

introduced 1n the stochastic volatility state- = A A * This method is not limited by

space model by Kim et al. (1998), and have TR |l o4 4~ optimization algorithms, leading to
more realistic estimation results.

been further improved by algorithmic advances
in Chan and Jeliazkov (2009) and Chan and
Grant (2016).

e The RC-MCMC method achieves
more accurate forecast.
* It 1s particularly effective for data

FFFFFF

o VS characterized by higher trend
(c) * {Short-term Sample). (d) 53 “E (Short-term Sample). Vari ability.

Selected references

L 1 I ]
(L LY a2 SLl L] il =Ll a3 1050

We develop a MCMC algorithm 1n which
posterior draws can be obtained by sequentially
sampling from:

(h) b Smooth States and Simulation Stansncs.
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. Step 1: P(¢|A);

. Step 2: P(A|b, ¢, 052);

. Step 3: P(U|y, A, 02, 07);
. Step 4: P(b|L, A, 07, 0 );
Step 5: P(cZ|y, L b, A);

. Step 6: P(aZ|L, b, A);

. Step 7: P(a‘f2 b,A).

We introduce a precision-based algorithm to
estimate parameters 1n the MSOE model,
comparing 1ts effectiveness with the RC-
SSPACE method. Our analysis shows that RC-
MCMC provides superior accuracy and
stability 1n parameter estimation. Further
empirical 1mnvestigation using BIS data confirms
that RC-MCMC vyields more realistic and
reliable forecasting, particularly effective in
handling models with frequent coefficient
changes.
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