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Using Integrated Likelihood Function

RN |

PEIAR- Q- &=



# &

A FEEER R SR G AP B R T R

£l

HiEA A et

v"l’ ~
=

(s
BN
7
=

- ﬁ.{ﬁﬂll BT SIS

Frogx oo M AR EFgALEENY TR

Likelihood Function » % f& 7 $-#ciz 3" A2 o A0 £
234 * 3 Monte Carlo Methods 63T » &< % = § 7 #
i3z adn g o B AT it Y Monte Carlo

Method #73+ % &) % ¢ Likelihood & & %)% #cY 2 p S X 4 8 iF =
PEE g %] o AT A iR se 7 TR enéiE & Likelihood & 23 G %
S F L F 7 A 2iTH B 0 i&@ 2 Newton Raphson Method & 3+
G FBE o Bt

= x]’“’}g_””"} Bt ATips A 2 o s

PenmitiEk o

MaEF C RRAIIREF - F#+ R

h

LB U A ) s PR Sk



Abstract

The time series regression provides an explicit analysis, in which one
time series (dependent variable) can be expressed linearly related to other
time series variables (covariates), and often errors of the model are
possibly correlated or simply white noises. The method of least squares is
a naive approach to estimate the regression conditioned on the covariates.
When the covariates are non-Gaussian stochastic time series, the least
square estimators may not be quite efficient. We propose a new method
taking into account the distribution properties. We estimate the
parameters by maximizing the unconditional likelthood, which is
obtained via convolution. The calculation of multi-fold convolution is
insurmountable, so we approximate the unconditional likelihood using
Monte Carlo, in which covariates are re-sampled and only selected
probability weights are counted into the approximation. The maximum
likelihood estimation is obtained applying the Newton-Raphson iterations
on the approximated likelihood function. Simulation examples are given
and the results are compared to the least squares estimates.

Keywords: Time series regression, Monte Carlo, Stochastic
covariates, Non-Gaussian time series, Likelihood
function.
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S (LSE) 0. 45272 0. 31856 0.68179 0. 53423 0. 88838
SA(LSE) 0.15955 0.13292 0. 02452 0.09578 0.04970

B(NEW) 0. 64357 0.48948 0.60209 0. 48671 0.91598
SA(NEW) 0.05998 0.04130 0.00856 0.05476 0.02779
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p e 1 2 3 4 5}
S (LSE) 0. 85272 1. 81856 2. 98179 4.03423 4. 98838
SA(LSE) 0.15955 0.13292 0.02452 0.09578 0.04970

B(NEW) 0. 85289 1. 81854 2. 98145 4. 03356 4.98814
SA(NEW) 0.01130 0.00988 0. 00550 0.01196 0.00538

B(LSE) 24 # R o T AL A 2 3t 41 e
P
B(NEW) &A1 #* RsF A8 & 374 B~ Tl or p 3 ) K eh
P P
d Ao AN B AR AR PLE > e L

TEL KRG PG IR 2 PR B T k]

GORLT R T R kA T R4S A B o

25



R S

A RFAREE R IR FRE o AR AR TR
REISALRE o ASFFAPAA LT Georgiana Popovici
(2010)4p & A ﬁﬁﬁ?Bi"Ef"}% 71| » 4= Miroslav M.Ristic(2005)
Beta-Gamma p ﬂ&ﬁ?ﬂi‘@}—? FleN FJa i > T RS FE R T A B
o R FRFAHE MFAFTHARI N ORI S F AP
7 Monte Carlo Method 4+ Newton Raphson Method 4 # ! ﬁ%ﬁi (SRR
B B LRSS .

LSRR o AR R IR FLE 0 AT 2 AR imﬁ %
B b T2 2Rt RO S S BE R D] A RIT R A S EE o
FHPER R RART UT g A AT 2 R R ORTHE

Bt [ IR - KR A2 AHE A 2 o

26



54

Anderson, E. C. (1999). Monte Carlo Method and Importance
Sampling.Lecture Notes for Stat 578C Statistical Genetics.

Gaver, D. P. and Lewis, P. A. W. (1980). First-Order Autoregressive
Gamma Sequences and Point Processes.Adv. Appl. Prob. 12,
pp. 7127-745

Jorgensen, B. (1987). Exponential Dispersion Models. J.R. Statist.
Soc. B 49(2), pp.127-162

Jorgensen, B. (1998). Stationary Time Series Model with Exponential
Dispersion Model Margins.J. Appl. Prob. 35, pp.78-92

Joe, H. (1996). Time Series Models with Univariate Margins in the
Convolution-Closed Infinitely Divisible Class. J. Appl. Prob. 33,
pp. 664-677

Ristic, M. M. (2005). A Beta-Gamma Autoregressive Process of the

Second-Order(BGAR(2)). Statistic &  Probability Letters.

73,pp.403-410
Popovici, G. (2010). On Three Classes of Time Series Involving
Exponential Distribution.Math. Reports 12(62), 1,pp. 45-57
Song, P. X.- K. and Feng, D. (2001). On Parameter Estimation for
Exponential Dispersion Arma Models.Journal of Time Series
Analysis Vol. 26(6) ,pp.843-862

27



