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Summary: The main objective of this study is to develop a Bayesian inference for
multiplicative seasonal ARMA models by implementing a fast, easy and accurate Gibbs
sampling algorithm. Bayesian analysis of seasonal ARMA model is difficult since the
likelihood function is analytically intractable, which causes problems in prior
specification and posterior analysis. Different solutions including Markov Chain Monte
Carlo (MCMC) methods have been suggested in the literature for the Bayesian time series
analysis. Bayesian time series analysis has been advanced by the emergence of MCMC
methods especially Gibbs sampling method. The proposed algorithm does not involve any
Metropolis-Hastings generation but is generated from multivariate normal and inverse
gamma distributions. In addition, it is unconditional on the initial values, that is it assumes
that the series starts at time t = 1 with unknown initial observations and errors. Moreover,
it can easily test the significance of the interaction parameters which may be complicated
to check in the classical framework. The proposed algorithm is illustrated using simulated

examples and real data sets, its convergence is achieved and its accuracy is evaluated.
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ABSTRACT

Time series models have been successfully applied in a great number of fields
including economic forecasting, setting monetary and fiscal policies, state and local
budgeting and financial management. Nonseasonal and seasonal ARMA models are a
cornerstone of time series analysis and are commonly used in applications. However
their Bayesian analysis is difficult since the likelihood function is analytically

intractable, which causes problems in prior specification and posterior analysis.

Different solutions including Markov Chain Monte Carlo (MCMC) methods
have been suggested in the literature for the Bayesian time series analysis. Bayesian
time series analysis has been advanced by the emergence of MCMC methods
especially Gibbs sampling method. The current study is interested in Bayesian
inference of multiplicative seasonal ARMA models by implementing Gibbs sampling

algorithm.

Firstly, the study defines the multiplicative SARMA model and introduces
some special cases such as SAR, SMA, pure SAR, pure SMA and non-seasonal
ARMA models. In addition, it introduces the principal Bayesian tools and concepts
used in the thesis namely, the likelihood function of the multiplicative SARMA

model, prior and posterior distributions.

After that, the study tries to obtain the conditional posterior distributions of the
unknown parameters to be able to employ Gibbs sampling algorithm for estimating
these parameters. It used a normal inverse gamma function as a prior distribution,
which is a conjugate class, and used Jeffreys' prior, which is a special case of the
normal inverse gamma class, when there is little information about the parameters a
priori. All the conditional posterior distributions of the parameters are obtained and
they are multivariate normal and inverse gamma distributions for which sampling

techniques exist.

The proposed methodology for multiplicative SARMA model is unconditional
on the initial values. In addition, various features of seasonal ARMA models, which
may be complicated to check in the classical framework, may be routinely tested in

the sampling based Bayesian framework. As an example, it can easily test the



significance of the interaction parameters which are the product of the nonseasonal

and seasonal coefficients in the model.

The study evaluates the efficiency of the proposed methodology through four
simulated examples. First a time series is generated from a given model with known
parameters and then computed the Bayesian estimates via Gibbs sampling method.
Finally we use Gibbs sampling results and efficiency criterion to evaluate the
efficiency of the Bayesian estimates given the true parameters. In addition, the
proposed methodology is used to analyze two real data sets: Federal Reserve Board

Production Index and air-carrier freight data.

The main conclusion of the current study is the proposed methodology is
accurate with no convergence problem and has some advantages over other methods
in the literature. The proposed algorithm does not need sophisticated software and can

be implemented by Excel for example.

11



Contents

LSt Of TabIeS ceuveruiirniieeiereieeeeeeeeeeeeseeeseceeesseesssesssssssssscsanse

LiSt Of FigUIes ..cvviiiiiiiniiiiiiiiniiiiiiinnriiiiienneicisinssecssennsncens

CHAPTER 1: INntroduction....ceeeeeeeeeeeeeeeeeeeeeseeesseecscecsecasnnnne

1.1. Time series analysis........c.covvrieiriiiieiiiiiiieeieeiieenennn,
1.2. Formulation of the problem .......................oooiii,
1.3. Objectives of the thesis............oovviiiiiiiiiiiiii .
1.4. Review of the literature ...............cooiiiiiiiiiiiiiin.ns

1.5. Structure of the thesis ....oooimiii

CHAPTER 2: Multiplicative SARMA processes and Bayesian
ANALYSIS.ceutiiiiiinntiiiienanieeriennntesssssnstcsssnnnsesssnnes

2.1 The multiplicative seasonal ARMA processes...................

2.1.1 The multiplicative SARMA (p,q)(P,Q)S Models...............
2.1.2 The multiplicative seasonal AR model........................
2.1.3 The multiplicative seasonal MA model........................
2.1.4 The pure seasonal ARMA model.................cooeinine.
2.1.5 The non- seasonal ARMA models.....................oooe.

2.2 Bayesian Analysis..........ooiiiiiiiiiiiii i

2.2.1 Likelihood Function of SARMA Model.......coovvveeueeen....
2.2.2 Prior DiStribUtioONnS. . ...cvunee et

2.2.3 Posterior diStributioNn. .......eeeenee et e

111

R N N \° 2 S



CHAPTER 3: Gibbs sampling for multiplicative SARMA
MOAElS..ceiinniiiiiiiiiiiiiiiiiiiiiiiiiitieeiiiineeecennnnn

R DR 315 40 Y6 L3 Te) 50 ) s DU
3.2. An approximate Likelihood Function..........................
3.3. Full Conditional Posterior Distributions.......................

3.3.1. The Conditional Posterior of ¢.................coooiiiiiiil,
3.3.2. The Conditional Posterior of @..............c..cooeviiiine.n.
3.3.3. The Conditional Posterior of 0...................oooiiiii.
3.3.4. The Conditional Posterior of ®.................coceiiiinninn.
3.3.5. The Conditional Posterior of yg........coovviiiiiiiiiiiinnin,
3.3.6. The Conditional Posterior of €y.............cooiiiiiiiiiinnn,
3.3.7. The Conditional Posterior of 62.................ccceveivinnni,

3.4. The proposed Gibbs Sampler..............ccoevviiiiiiiinnnn.

CHAPTER 4: Numerical StudieS...cceeeeeereieeeieeeeeenseceeseeacnnnns

4.1, IntroducCtion. .....covviiiiiii
4.2. Simulated Examples ..........ccooviiiiiiiiiiii e

4.2.1.Simulation Design ...........coiiiiiiiiiiiii
4.2.2. ReSULS. ..o

4.3, Real Data Sets . .ovmneei e

4.3.1. Federal Reserve Board Production Index ....................
4.3.2. Air-Carrier Freight..............ocooi

CHAPTER 5: Summary and Conclusions.........ccccceeevviinnnnnnnne

Bibliography....cccoeviiiiiiiiiiiiiiiiiniiiiiiiiinniicisiinnnsiccccanns

Appendix: Matlab Program of Applying Gibbs Sampling
algorithm for Multiplicative SARMA model ......

v

21

22
22
24

25
28
30
32
34
37
39

40

43

44
44

45
46

53

53
55

57

61

65






List of Tables

Table (4.1): Difficulty degree of employing Gibbs sampler for
SARMA models.........coooiiiiiiiiii,

Table (4.2): Bayesian Results for example (1).........................

Table (4.3): Autocorrelations and Raftery - Lewis Diagnostics for
example (1)...o.ooiiii i

Table (4.4): Geweke Diagnostics for example (1).....................
Table (4.5): Bayesian Results for example (2) ...........cccceeveennnns
Table (4.6): Bayesian Results for example (3) .............ccoeeenils

Table (4.7): Bayesian Results for example (4) .................ooo..

Table (4.8): Bayesian Results for the differenced Federal Reserve
Board Production Index series using SARMA(1,1)(2,1),

Table (4.9): Bayesian Results for the logged and differenced air-
carrier freight series.........coovviiiiiiiiii i

vi

Page

54



List of Figures

Figure (4.1): Sequential plots and marginal posterior distributions
of example (1) ....oovriiiii e,

Figure (4.2): Sequential plots and marginal posterior distributions

of example (2) c.oovviiiii

Figure (4.3): Sequential plots and marginal posterior distributions
of example (3) c.oviiniii e

Figure (4.4): Sequential plots and marginal posterior distributions
of example (4) ..c.ovviiiiii

Figure (4.5): Sequential plots and marginal posterior distributions
of the differenced Federal Reserve Board Production
INAEX SETICS...uviiii i

Figure (4.6): Sequential plots and marginal posterior distributions
of the logged and differenced air-carrier freight series

Figure (4.7): marginal posterior distribution of the interaction
PATAMELET 1. . ettt

vil

Page

47

50

50

52

54

56

56



