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The study evaluates performances of three multiple time series

(MTS) forecasting methods; investigates possible improvements in

MTS forecasting operations, and proposes a multiple time series

based forecasting system. Time series considered are finite,

linear, covariance stationary, and discrete.

Specific objectives for the thesis were: (a) conducting compara-

tive studies of MTS estimation methods; (b) investigating the effec-

tiveness of composite forecasts in MTS analysis; (c) examining

performance of process control procedures in MTS forecasting opera-

tions; and (d) proposing an overall approach to MTS estimation, model

building and forecasting procedures.

Multivariate exponential smoothing, multivariate Yule-Walker

equations, and Chitturi's discounted least squares parameter estima-

tion methods were used in the study. Time series schemes which are

most suitable for using these estimation methods are multiple



autoregressive processes, MAR(s,p); and mixed autoregressive-

moving average processes, MARMA(s, 1, 1).

Comparative studies were conducted on selected real economic

time series. Outcomes of forecasting were measured in terms of

weighted mean square errors. Computational efforts were recorded

and compared. Proper data treatments were taken to ensure desired

characteristics such as stationarity, and nonseasonality.

The techniques of composite forecasting were studied and

applied to MTS analysis. Performance of all four alternatives for

composite forecasts were reviewed and favorable results were

reported.

In an effort to reduce computation expenses in MTS analysis,

process control procedures were implemented. A trivariate MTS

model was then used to demonstrate the application of process control

procedures in MTS forecasting operations.

An overall approach to MTS estimation, model building and

forecasting procedure has been developed. It is a two-phase pro-

cedure. The estimation phase is a multi-variable analogue of the

Box-Jenkins iterative process for model building in single time series

analysis. Process control procedures and composite forecasting

techniques are incorporated in the second phase. The complete

process of the proposed multiple time series based forecasting sys-

tems is illustrated through a trivariate MTS model.
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PERFORMANCE EVALUATION AND DESIGN OF MULTIPLE
TIME SERIES BASED FORECASTING SYSTEMS

I. INTRODUCTION

Time Series Analysis

A set of data zt, (t = 0,±1,±2, ) is called a discrete single

time series (STS). The index, t, preserves the sequence of

observations taken at a specific instant of time. Annual gross national

products, wholesale wheat prices, interest rate of bank loans, in-

phase electric current deviations, out-of-phase electric current

deviations or voltage deviations are several examples of time series

data. One objective of time series analysis is to have a better under-

standing of the causual mechanics which generate the series. Some

common uses of time series analysis include: prediction, estimation

of transfer function, filtering and control, simulation and optimization,

and generating new physical theories (Jenkins and Watts, 1968).

Components Analysis and Stochastic Processes

There are two major approaches to analyze time series data:

components analysis and stochastic processes (Spivey and Wrobleski,

1974). Components analysis considers time series as composed of

trend, cyclical, seasonal and random movements. On the other hand,

stochastic process regards a time series as an observed sample
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function representing a realization of jointly distributed random

variables. Generally, a model describing the probability structure of

a sequence of observations is called a stochastic process. In this

thesis, time series are treated as stochastic processes.

Frequency Domain and Time Domain Techniques

Frequency domain and time domain techniques are two principal

methodologies used in time series analysis. The spectrum function

and the autocorrelation function are basic tools for the two techniques,

respectively. Autocorrelation functions and spectrum functions are

transformations of each other and are, therefore, mathematically

equivalent for a given time series. Each sheds light on a different

aspect of the data; they should be considered as allies instead of rivals

(Hannan, 1970). Autocorrelation function is a measure of the degree

of association between observations at varying lags, while spectral

function gives the relative extent to which the variance of the

stochastic process is distributed among various frequencies (Alavi,

1974, p. 15). Generally, the frequency domain technique will be

required if the amount of data available is large, say 1,000 observa-

tions. Otherwise, finite parameter models (i.e. , time domain

approaches) are preferred.

In the history of the development of time series theories, the

time domain technique came first in late 19th century. About half a
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century later, the frequency domain technique (i.e. , the spectral

analysis technique) was the central focus. A fast and efficient Fourier

transform method developed by Cooley and Tukey (1965) further

enhanced the popularity of the frequency domain technique. However,

a strong comeback for the time domain technique has occurred in

recent years. One of the most important contributions to stochastic

model building was proposed by Box and Jenkins (1970). It is an

iterative three-step cycle of identification, estimation, and diagnostic

checking as succinctly shown in Figure 7.1.

We are interested in stochastic models with a finite number of

parameters in this thesis. That is, the time domain technique will be

the tool in our multiple time series analysis.

Single Time Series (STS) Analysis Versus Multiple
Time Series (MTS) Analysis

Whittle (1953) indicated that a STS analysis does not provide

completely or sufficiently satisfactory answers to an investigator. A

STS may only be a single facet of a complex phenomenon which gen-

erates a number of different series If several time series are

related, then each series obviously contains some information about

the others. A STS analysis does not utilize this information. The

majority of practical problems require MTS analyses, and they

are expected to produce better estimations of parameters and
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consequently better forecasts. Some potential application areas for

MTS analysis are marketing research, economic and business plan-

ning, production and inventory control, process control, and

meterological studies, etc.

MTS analysis might be considered as part of multivariate

analysis problems. But, there is an important difference between

the two. A multivariate analysis is concerned with relationships

or interrelationships among variables, regardless of the order in

which the data are presented. Also an MTS analysis may have to

consider the correlations and cross-correlations among the series

when one or more lead or lag behind the others.

Time Series Schemes

There are three general schemes in time series analysis:

moving average schemes of order q, MA(q); autoregressive

schemes of order p, AR(p); and mixed autoregressive-moving

average schemes of order p and q, ARMA(p, q). The term

autoregressive comes from the fact that the process is essentially a

regression equation in which the process is related to its own past

values rather than a set of independent variables. That is, auto-

regressive processes are represented in terms of the current dis-

turbance and past observations. On the other hand, moving average

processes are formulated in terms of past disturbances. Mixed



autoregressive-moving average processes are expressed in terms of

all past observations, past disturbances as well as the current dis-

turbance.

In this thesis, abbreviations for time series schemes in STS

analysis are SMA(q) for moving average schemes of order q,

5

SAR(p) for autoregressive schemes of order p, and SARMA(p, q)

for mixed autoregressive-moving average processes of order p and

q. For MTS schemes, an additional parameter, s, is included to

indicate the number of time series. Thus, MMA(s, q) represents an

s-variate moving average scheme of order q, MAR(s, p) represents

ans-variate autoregressive scheme of order p, and MARMA(s,p,q)

for an s-variate autoregressive-moving average scheme of order p

and q. Appendix III presents a table of abbreviations used in thesis.

STS schemes are introduced and explained first to provide

background and familiarization of the terminologies used in time

series analysis. Discussions of MTS schemes will then follow.

STS Schemes

Any linear discrete stochastic process may be expressed in the

qi-weight form

zt = + at + Li)
1
at-1 + qi2 at-2 +

or

(1.2.1)



where
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zt = zt p.= at +LI)
1
at-1 +LI)

2
at-2 + ... (1.2.1a)

g'1, L'2... are weights for random disturbance;

p. is the expected value of zt, i.e. , E(zt);

at, at 1, ... are identically and independently distributed with

zero mean and variance o- 2

a .

That is, zt is a linear combination of the current and past

disturbances (white noise).

Define B as a backward shift operator such that Bat = at-1,

B2 at = at-2, etc. Then, Equation (1.2. la) becomes

where

zt = (1+LIJ
1

B+Lii
2

B
2+. )at = 4(B)at

cc

L1J(B) = Bj with Lpo = 1.

j=0

(1. 2. lb)

Model (1. 2. 1) could be represented in terms of the current

disturbance plus all past observations as

or

z t = Tr
1
z t-1 + Tr

2
z t-2 + . . . + 5 + at (1.2.2)

zt zt 5 zt-
1

+ Tr
2 z t-2

+ . . . + at (1.2.2a)
1



where

Thus,

is the expected value of zt,

1 2
are the weights for previous observations, and

at is the current disturbance random error at time t.

Tr(B)zt = (1-Tr1B-Tr2B
2 -...)zt = at

7

(1.2.2b)

4i- and Tr-weight forms are the two frequent expression forms

for time series stochastic processes. Now, we are ready to investi-

gate general STS schemes in detail.

(a) SMA(q) Scheme. Define 0.
1

=
1

for i > 1 and 0
0

= -1,

then model (1.2.1) could be written as

zt = at - 01at_1 - 02at_2 (1.2.3)

F'or a finite SMA(q) scheme, model (1.2.3) becomes

or

tizt =at - O1at-1 - 02at_2 - Oq at-q

zt = (1-0
1
B-0

2
Bz- -eqBc1)at

zt 0(B)at

(1.2.4)

(1.2.4)

(1. 2.4a)



(b) SAR(p) Scheme. Define

(1.2.2a) can be expressed as

. Tr. for i > 1, then model

zt (1)1zt- 1 + 4)2 zt-2 + + at

For a finite SAR(p) scheme, model (1.2.5) reduces to

Thus,

z (1) z 1 + ()2zt-2 + + 11'
z + a

t 1 t- p t-p t

(1-(1)1B-492B
2 -... -c0 BP)7t = att

cl)(B)zt = at

8

(1.2.5)

(1.2.6)

(1. 2. 6a)

(c) SARMA(p, q) Scheme. This scheme includes both autore-

gressive and moving average terms as follows

zt -
1 zt- 1

- . = at 01 at-1 0
2
at-2

()2zt- 2

For a finite SARMA(p,q) scheme, model (1.2.7) reduces to

Thus

zt (I) z yb z - (bp zt-p
I t-1 2 t-2

=at -Oat-1 -Oat-2 -...-0q at-q
1 2

(1-4)
1

B-(I)
2

B
2

-... -(1) pB P )zt = (1-0
1
B-0

2
B

2 -... -0 qBc1)at

(1.2.7)

(1.2.8)
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ti
(1)(B)zt = 0(B)at (1. 2. 8a)

MTS Schemes

The value of zt in STS schemes is a scalar, and becomes a

vector in MTS analysis. Unless otherwise specified, vectors are

represented by underlined lower case letters, and underlined upper

case letters are reserved for matrices. The analogous 4J-weight

form of an MTS scheme is

where

and

_zt = .(3)_at

z = (z lt, z2t, . , zst) = an s x 1 vector,

1 vector,at = (a a ... a )1 = an s xit' 2t" st

(1.2.9)

i(B) is an s x s weight matrix of backward shift operator, B,

i(B) =

1-P11(B)
i12(B) 4iis(B)

Lii21(B) Lp22(B) i4i2s(B)

4,s1(B) tli2s(B) Yss(B)

Similarly, the analogous Tr-weight form of an MTS scheme is

Tr(B)z t
= at (1.2.10)



where

Tr(B) =

Trii(B) Tr22(B)

1T21(B) 722(B)

Tr s(B)

Tr2s (B)

Tr sl (B) s2(B) .. Tr ss (B)

10

= an s x s weight matrix

Individual general MTS schemes with explicit expressions are dis-

cussed below.

(a) MMA(s, q) Scheme. Define 0. = -ti. for i > 1, and

0
0

= -I, then a finite MMA(s, q) scheme could be formulated as

or

Thus,

where

0.=

zt =a t -0
- - .g.

2
-...-0q a t-q1-

a
t- 1

02 t-

z = (I-0 B-0 B2 -... -0 B1)at 1 2 q t

Zt 6(B )at

e
111

012i1 0 lsi
0 0 021i 22i 2si

0
sli

0
s2i

. 0
ss

= an s x s matrix,

0(B) is an s x s generating function matrix of 0. .
1

(1.2.11)

(1.2.11a)

(1.2. 11b)



(b) MAR(s, p) Scheme. Define 4). = Tr., for i > 1, then a

finite MAR(s, p) scheme could be formulated as

or

Thus,

where

and

z + + + (I) z + a-t -1-t- 1 2-t-2 p-t-p -t

2
-(1) BP)Z = a-p t -t

4)(B)z = a
t t

(1)1 (1)12i (1)1 s

42 1 i (1)22i 412si

(1)sl' 4) s2i

= an s x s matrix,

(1)(B) is an s x s generating function matrix of 4)..

11

(1.2.13)

(1.2. 13a)

(1.2. 13b)

(c) MAR MA(s, p, q) Scheme. A finite MARMA(s,p, q) could

be formulated as

or

±1t-1 (1113t-p

a -Oa -Oa ... -Oat -1t1 -2-t -2 qt-q

(I-d) B-(I) B2 -... -4) B P )z = (I-0 B-0 B 2
-0 139-)a-2 -p t - 1 2 q t

(1.2. 14)

(1.2. 14a)



Thus,

12

if(B)zt = 0(B)at (1.2.14b)

Assumptions on MTS Schemes

MTS schemes investigated in this thesis are assumed to be

finite, linear and covariance stationary discrete time series.

(a) Finite Orders of p and q. Theoretically, orders p and

q could be infinite. However, only time series with finite p and

q have real values in practical applications. Therefore, this thesis

will be limited to finite time series In fact, studies have shown that

small p and q (< 2) are sufficient in representing most non-

seasonal (economical and business) time series for practical pur-

poses (Box and Jenkins, 1970). This is true for both STS and MTS

schemes. Autoregressive processes of order 1 are also referred

to as Markov processes or random-walk processes, while Yule

processes are autoregressive processes of order 2. Using small

values of p and q is a consistent practice with the concept of

"parsimony" in model building. It could also help prevent the danger

of overfitting models.

(b) Discrete Linear Processes. A stochastic process, z ,

is called a discrete linear process if it can be represented in an

MMA(s,00) form. This property is useful in developing adaptive

forecasting procedures for multi-step ahead forecasts.
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(c) Stationarity. Stationarity means that the probability

structure of a stochastic process does not change with time. In other

words, processes show an affinity to mean values. Here, we only

assume a covariance stationary process (or weak stationarity). A

covariance stationary process is completely defined by its first and

second moments. This also means that the mean vector and the

covariance matrix exist. In notations,

Cov(zt,at-k)

E(-zt) =

rllk r12k rlsk

r 21k r22k r2sk

rs lk rs2k rssk

whe re t = . , -2, - 1 , 0, 1, 2, and

(1.2.17)

(1.2. 18)

Cr..= Cov(z. ,z. ) . (1.2.19)
t j, t-k

One should observe that this covariance stationarity property also

implies that

E(at) = 0

E(a ) = 6-t-t-k k



where

and

with

5k
t1, for k --=

=

0, for k

611 612

621 622

crs
1

cr
s2

cr.. = E(a. a. t)it it

0

0

Cr
1 s

a
2 s

SS

14

(1.2.22)

(1.2.23)

(1.2.24)

How would one know that an MTS scheme is indeed a stationary one?

First of all, MMA(s, q) schemes are always stationary. But, an

additional restraint must be imposed on MAR(s, p) and

MARMA(s,p,q) to ensure the stationarity property. The restraint is

that all roots of the determinant (B)1 = 0 lie outside the unit

circle 1131 < 1 (Alavi, 1974). B is a backward shift operator.

Stationarity implies that the weights converge. Similarly, in

order to have meaningful studies on MMA(s, q) and MARMA(s,p,q)

schemes, another condition must be met to secure the convergence of

the 1-1 S weights (i. e. , "invertibility" used in Box and Jenkins'

terminology). The extra condition is that all roots of the determinant

e(B)1 = 0 lie outside the unit circle 1131 < 1 These conditions
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should be observed and checked before developing simulation studies

of MTS schemes.

Literature Review

Extensive literature review has been conducted which focuses

on the following areas: estimation methods of MTS schemes, com-

parative studies of forecasting techniques, composite forecasting

techniques, and process control procedures for MTS forecasting

operations. Of course, emphases are placed on the time domain

technique (i.e. , finite parameter models).

Estimation Methods

(a) General Estimation Theories in MTS Analysis. Most

literature in the field of MTS analysis deals with MAR(s, p) schemes

which are finite and stationary. The asymptotic theory for autore-

gressive systems was substantially completed by Mann and Wald

(1943). The maximum likelihood estimates of (I). in MAR(s,p)

schemes are shown to be the same as the least squares estimates

under normal distributions. Whittle (1953, 1963), Bartlett and

Rajalakshman (1953), Durbin (1960), and Quenouille (1957) all made

substantial contributions to time series identification, estimation, and

test of goodness of fit. These could be considered as fundamental

developments in theories of MTS analysis.
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Quenouille (1957), Kendall and Stuart (1968), and Hannan (1970)

had fairly complete general discussions on MAR(s,p) schemes.

Box and Jenkins (1970) have also studied leading indicators in transfer

function models which are the simplest cases in MTS analysis (i.e. ,

bivariate time series). Box and Jenkins have also suggested a

systematic approach for stochastic process model building in STS

analysis. The approach consists of identification, estimation, and

diagnostic checking stages.

(b) Multivariate Exponential Smoothing Method. Univariate

exponential smoothing has found many industrial applications (Brown,

1963). Exponential smoothing is a weighted average of past values in

an observed process. The process for which this technique produces

optimum forecasts (i.e. , in terms of the smallest mean square

errors) is a process when the first difference is a SMA(1) or

equivalently a SARMA(1, 1) of the original series.

In MTS analysis, the weights for exponential smoothing technique

become a matrix. Jones (1966) has noticed that the process for which

this technique is optimal for forecasting was a special case of general

control theory investigated by Kalman (1960) and has subsequently

presented a recursive approach for estimating the optimum weight

matrix for the exponential smoothing and prediction of multivariate

time series. No significant actual application of this method has

been reported.
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(c) Multivariate Yule-Walker Equations. Durbin (1960) has

proposed a recursive method for fitting autoregressive schemes in

STS analysis. Parameters of schemes are estimated from a set of

equations called Yule-Walker equations. Durbin's method simultan-

eously considers "forward" and "backward" autoregression in the

estimating process. Whittle (1963) further generalized Durbin's

method to fit MAR(s,p) schemes. Multivariate Yule-Walker equa-

tions estimation was a least squares prediction procedure, and the

estimates have been proven to be unbiased maximum likelihood esti-

mates with asymptotical normal distribution (Chitturi, 1973).

(d) Chitturi's Discounted Least Squares Method. Multivariate

Yule-Walker equations provide optimal estimates only for one-step

ahead forecasts. Chitturi (1973) suggested a method which he claims

was able to attain optimal estimates for multi-step ahead forecasts as

well as one-step ahead forecast. The method was basically a revised

version of Whittle's multivariate Yule-Walker equations method. The

method allowed discounting of forecast errors at different forecast

lead times.

Comparative Studies of Estimation Methods

Reid (1969) conducted extensive comparisons of STS prediction

methods on 113 economic time series which include annual, quarterly,

and monthly data on macro-economic variables in the United Kingdom.
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The methods studied were Brown's general exponential smoothing

method, Box-Jenkins' method, Holt-Winters' model, Harrison-

Stevens', and Seatrend's method. Reid's study was also discussed in

Gordon (1975).

Newbold and Granger (1974) made another study about the

performance of Box-Jenkins' method, Holt-Winters' model, and

exponential smoothing technique on 106 single time series. Their

data collection is comprised of seasonal and non-seasonal macro-

economic series as well as micro-economic series.

Due to enormous, if not formidable, computational efforts that

are required, there is almost no research work reported in compara-

tive studies of MTS estimation methods. However, Newbold and

Granger (1974) did express their interest in this subject.

Composite Forecasting Techniques

A forecast is a projected figure utilizing parameters computed

from a specific estimation method. Composite forecasts are linear

combinations of forecasts from different estimation methods.

The idea of composite forecasting in time series analysis was

first proposed by Bates and Granger (1969). Subsequently, Nelson

(1973) studied performances of a composite forecasting technique con-

sisting of econometric models and STS schemes. The results showed

better forecasting outcomes from the composite forecasting technique.
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Young (1972) advocated the synthesis of time series and cross-section

analysis. The approach was applied to the forecasting of demand for

air transportation services and improved results were obtained by

pooling time series and cross-section data. Newbold and Granger

(1974) conducted further studies and reported favorable results of

composite forecasts over individual forecasts through different esti-

mation methods in STS analysis.

Some statistical justification for composite forecasting

techniques has been provided by Dickinson (1973) and Bunn (1975).

Process Control Procedures in MTS Forecasting Operations

Concepts of statistical control charts and cumulative sum charts

have been applied to the development of adaptive process control pro-

cedures for univariate STS cases (Box and Jenkins, 1963; Box,

Jenkins, and MacGregor, 1974). A nonlinear predictor, called a

progressive corrector, was proposed by van Dobben de Bruyn (1964)

for similar purposes.

Multivariate control charts or T2 control charts (Hotel ling,

1947), sequential multivariate procedures for means with quality con-

trol applications (Jackson and Bradley, 1966), etc. may be suitable in

MTS analysis. Considering economic factors, Montgomery and Klatt

(1972) have further developed approximate cost models for T2 control

charts. Again, no published literature on the subject is available.
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Research Objectives

This research was initially motivated by (1) long standing

interest in the subject of forecasting, (2) the curiosity about the time

series wonderland, (3) the marvelous success of Box and Jenkins

modelling procedure in STS analysis, and (4) the strong (or blind)

belief that MTS analysis should produce better results than STS

schemes. Specific research objectives were gradually forged in this

endeavor. These objectives are (a) conduct comparative studies of

estimation methods in MTS analysis; (b) investigate effectiveness of

composite forecasts in MTS analysis; (c) examine performance of

process control procedures in MTS forecasting operations; and

(d) propose an overall approach to MTS estimation, model building

and forecasting.

Conducting Comparative Studies of Estimation Methods in
MTS Analysis

Three methods for estimating parameters are considered.

These methods are multivariate exponential smoothing (MEXPS),

multivariate Yule-Walker equations (MYWEQ), and Chitturi's dis-

counted least squares (CDLS). Forecasting outcomes and computa-

tional efforts required for each method will be analyzed on selected

data sets. Some MTS comparative studies can be compared with the

results from STS analysis, econometric models, or regression models
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which already have been investigated by others.

Investigating the Effectiveness of Composite Forecasts
in MTS Analysis

Composite forecasts of three individual MTS forecasts will be

studied and compared by a selected criterion. Although the technique

of composite forecasting is probably still a somewhat controversial

one, we believe that it is worth extra efforts to examine its effective-

ness in MTS analysis.

Examining the Performance of Process Control Procedures
in MTS Forecasting Operations

Successful applications of process control procedures could

substantially alleviate computational burden in MTS analysis. Hotel-

ling T2 control chart is the principal tool for the purpose of

process control.

Proposing an Overall Approach to MTS Estimation, Model
Building and Forecasting

The proposed approach incorporates the best features from the

STS model building procedure suggested by Box and Jenkins (1970).

This extended approach consists of two phases: estimation and fore-

casting phases.
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Structure of This Thesis

Chapter II studies three estimation methods for MTS analysis.

These methods are multivariate exponential smoothing, multivariate

Yule-Walker equations, and Chitturi's discounted least squares.

Recursive algorithms for estimation of parameter, goodness of fit

tests, forecasting formulas for different lead times are described and

investigated.

Chapter III is concerned with sources and treatments of data

sets which have been selected for MTS studies.

Chapter IV investigates forecasting outcomes of each estimation

method. The criterion for comparing MTS schemes is determined.

Comparative studies are carried out on 22 data sets and results are

analyzed.

Chapter V briefly examines methods for determining weighting

factors for each individual forecast in the composite forecasting

technique. The composite technique is then applied to the forecasts

obtained in Chapter IV. Results of composite forecasts could provide

guidelines for Phase II of the proposed overall model building and

forecasting procedure in Chapter VII.

Chapter VI exploits the suitability of process control procedures

in MTS forecasting operations. Multivariate control charts (T
2
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control chart) are the instruments to attempt to alleviate computational

burdens in MTS analysis.

Chapter VII extends the idea of Box and Jenkins' model building

for STS analysis into a two-phase model building and forecasting pro-

cedure for MTS analysis. This approach consists of estimation and

forecasting processes.

Chapter VIII summarizes research results, draws some

tentative conclusions based on limited selected data sets, and makes

recommendations for further research.
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II. ESTIMATION METHODS IN MULTIPLE TIME
SERIES ANALYSIS

Multivariate Yule-Walker equations (MYWEQ), Chitturi's

discounted least squares (CDLS) and multivariate exponential smooth-

ing techniques (MEXPS) are the three methods examined in this

thesis. The Yule-Walker equations technique has long been used in

studies of SAR(p) schemes. It is a natural extension to use

MYWEQ in MTS analysis. Chitturi (1973) has argued that MYWEQ

technique only provides optimal estimates for one-step ahead fore-

cast, and has suggested a weighted method to obtain optimal estimates

for multi-step ahead forecasts. The univariate exponential smoothing

technique has been a popular tool in forecasting STS economic time

series. MEXPS could be expected to have similarly favorable out-

comes in MTS analysis.

Brief descriptions of recursive algorithms for parameter

estimation, forecasting formulas for one-step ahead and multi-step

ahead forecast, adaptive forecasting formula, and goodness of fit

test for each methods are presented in the sequel.

Multivariate Yule-Walker Equations

Whittle (1963) has extended the recursive method proposed by

Durbin (1960) for fitting SAR(p) schemes to MAR(s,p) schemes.

The recursive algorithm involves both "forward" and "backward"



autoregressive schemes in the process of estimation.

Model

Consider a finite linear stationary MAR(s,p) scheme

P

k=0
±k-zt-k 2-t + 1-±

The following relationship exists

P

1 4) r = $5-k- j -k k
k=0
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(2. 1. 1)

(2. 1. 2)

Equation (2.1.2) is the MYWEQ for the "forward" autoregressive

scheme, zt. Similarly, a set of MYWEQ could be derived for the

"backward" autoregressive scheme as

= ;/ *6k k-j k
k=0

A A A

Denote , andink --Trnk' m
A

$*In as the estimates for
---

(2. 1.3)

4) (IP*,±k' k

$ and y* of order m (m < p), respectively. Also, define

A =-m

m

k=0

(2. 1.4)



*

m
(I)*-mk-rk-m+1

k=0

Recursive Equations for Estimating Parameter 4-rnk

($* )
-1

-1)rn+1,m+1 -m -m

-1
Z
rf,*
m+1,rn+1 -m(-m)

-m,k -(I)m+1,m+1-1-m,m-k+1

The final estimate of parameter -(1)k
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(2. 1. 5)

(2. 1. 6)

(2.1.7)

(2.1.8)

(2.1.9)

is symbolized by (1)k. Define

(i) = [cl)i -Si (02 44131

Chitturi (1973) has proved that

coy* = 1/N$ ®

where

r
0

. r
P-1

F

r -p+1

0

r_p+2
.

ro

= mp x mp matrix,

(2. 1. 9a)

(2. 1. 9b)



27

and CR) is the Kronecker product (or direct product) of the matrices.

Equation (2. 1.9b) could be used to eliminate insignificant coefficients.

Forecasting Formulae

A time series scheme may be expressed in three forms:

difference equation form, random- shock form (i.e. , qi-weight) and

inverted form (i.e. , Tr-weight form). The difference equation is the

most convenient form for forecasting. The 1 -step ahead forecast of

an MTS scheme at time t is symbolized by /z%t(/).

d.One-Step Ahead Forecast, z( 1).. From Equation (2. 1. 1),

One should notice that

and

(1) z + 1.1,-k-t-k
k=1

n
E(z ) = z

t+j -t+j
E(z .) = z ,

t-3 -t-j
E(a

t+j
) = 0 ,

E(a .) = a
t-3 t-j

(2. 1. 10)

were used in the process of deriving Equation (2. 1. 10) at time period

t.

Multi-Step Ahead Forecast, .&t(1). Similar to Equation (2. 1. 10),



z t ) -

k=1
t-k+1

+
-1
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(2. 1. 11)

Adaptive Forecasting Formula. Adaptive forecasting takes into

account any observations made since the last forecast and allows the

updating of forecasts with minimum delay and arithmetical nuisances

(Kendall, 1973). In other words, adaptive forecasting means the

forecast is revised in accordance with each error as it occurs. Thus,

the adaptive forecasting formula provides economical and effective

calculations for routine forecasting operations.

For a linear stationary MAR(s, p) scheme, a random-shock

form of representation always exists, i. e. ,

oo

=
t - ejat -j

j

The relationship between autoregressive parameters

average parameters 0. could be written as

k- 1

(1)k

(2. 1. 12)

and moving

(i) 4).0 k = 1, 2, , p (2. 1. 13)k 3k-3
j=0

AMulti-step ahead forecast, z t (1) may be expressed in a random-

shock form as



A

It(1) elat f/+12t-1

ASimilarly, zt- (1+1) could be written as

Therefore,

/ (i+1) = - a a .

-t- 1 1 q+2-t-2

A
Z t(i) - Z (in) = -8fat-t- 1 t

For MAR(s, 1) schemes, Equation (2. 1. 13) leads to
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(2. 1. 14)

(2. 1. 15)

(2. 1. 16)

2 3 / -1 /
01 1)1' 22 -421' 23 421'

and = 1) (I)
1

For MAR(s, 2) schemes, Equation (2. 1. 13) yields

0 = ,
1 1

2
0 2 2(I)

1
(I) ,

0 = + O
3

3 12 1

and etc. In this thesis, one-, two-, four-, and six-step ahead

forecasts were calculated in comparative studies of MTS forecasting

methods.

Goodness of Fit Test

The multidimensional test statistic of significance for order rn

is (OZni_il-lrn1)/(1nill x (N-sp)/s from Anderson (1958). The
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statistic is asymptotically distributed as F-distribution with s and

(N-sp) degrees of freedom. For large N, an approximate Chi-

square test with m degrees of freedom might be used instead.

Covariance-variance matrices for one-step ahead prediction

errors can be found in Jones (1963) and Chitturi (1973).

Chitturi's Discounted Least Squares

Chitturi (1973) proposed a new "H-method" for estimating

parameters of MAR(s, p) schemes in an attempt to find optimal

forecasts for multi-step as well as one-step ahead forecasts. A

weight function was introduced to discount forecast errors over dif-

ferent lead times. The relationships between H-parameters and

autoregressive parameters 43. have been also established.
--1

Model

We consider the same model as the one in the previous section,

5120t-k +

k=0

Recursive Equations for Estimating Parameter (I).

(2.2.1)

Chitturi has derived the relationship between H-parameters and



sample covariance matrices

whe re

13-1

H.0 . =-3-k-3
j=0

I

T=

C. as
-J

KT
TC,

T
, k = 0, 1, 2, .. . , p- 1

N

C.
1

= (1/(N-1)) z-tz t-i ,-
t=i+1

H. is an s x s matrix of parameters,
J
T

p is the weight for T-step ahead forecasts, and

N is the length of time series.

Equation (2. 2. 2) is a modified MYWEQ equation. Relationships

between H. and (1).
.1

parameters have been proven to be
-J

and

±0

14).

H.
-J
-p

= (I+H
0

)
-1

(H.- p
- 1Hj-

1
), j = 1, 2, . . , p-1-j

= 0 for j > P-1

= - (I+H )
- 1

H p
-1

0 -p- 1

Forecasting Formulae
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(2. 2. 2)

(2. 2. 3)

A
(a) I -Step Ahead Forecast, z (I). The equation for general-t

/ -step ahead forecast is



P-1
zA (1) = F-11 z-t

j=0
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(2. 2. 4)

where H, , j = 0,1, 2, ... ,p-1 are estimated from the data for

1 = 1, 2, ... ,1 * and also

CO

H. = pTEIT. p
T

HT

T=1 T=1

(b) Adaptive Forecasting Formula. The results in MYWEQ are

also applied to CDLS. One needs first to obtain the values of

H.'sfrom estimates on H.' parameters.

Goodness of Fit Test

s

Chitturi (1973) has developed an approximate Chi-square test

for the adequacy of an MAR(s, p) scheme. The Chi-square test

statistic is

Q = (N-p

where

m
A A

rijkrji(-k)
j=1 j=1

A A A A - 1
R = (r. ) = CkCO = an x s matrix,

k ijk
A A A A -1
R = (rii(40) = C kg° = an s x s matrix,

(2. 2. 5)
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and m = the number of lags used in the calculation of sample

covariance C.. For larger N, Q has an approximate Chi-square1
distribution with s

2 (m-p) degrees of freedom. Covariance-

variance matrices for one-step and multi-step ahead forecast errors

can be found in Chitturi (1973).

Multivariate Exponential Smoothing Method

Jones (1966) has recognized that the process in which MEXPS

technique produces optimal forecasts is a special case of the general

control theory investigated by Kalman (1960). A recursive approach

for estimating the optimum weight matrix for an MTS analysis was

subsequently developed by Jones.

Model

The Kalman model is discussed first and serves as a prelude to

MEXPS models.

(a) Kalman Model. Consider

where

= + a-t+1 t-t t

it +13t

z t = the state vector for the process of interest

= an s x 1 vector,

(2.3.1)
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xt = the vector of observation on zt ,

= an m x 1 vector,

t = the state transition matrix,

= an s x s matrix,

a t = the random excitation vector,

= an s x 1 vector,

bt = the observational error vector,

= an m x 1 vector, and

Ht
= the state transition matrix for the observation at time t,

= an m x s matrix with m< s.

Some assumptions on the model are

(1) at has an s-variate normal distribution with mean zero and

covariance matrix (it,

(2) bt
has an m-variate normal distribution with mean zero and

covariance matrix R .t

(b) MEXPS Model. Let m = s, and = H = I-t -t s x s'
Kalman model (2. 3 . 1) and (2. 3. 2) become

z t+1
= z t + at + 5- -

v = z t + bt +- - -

Additional assumptions for MEXPS model include

and

(2.3.3)

(2.3.4)
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Qt = E(a tal) = Q,t

R t = E(b t13't ) = R,
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where at, 13' indicate the transposes of at and bt , respectively.-t
Also, define the weight matrix W as

with

W = R($00+R)-1

$oo = R($ +R)
-1 $ + Q-co (2. 3.4a)

from observations yi, yz, 'lc

Recursive Equations for Estimating the Weight Matrix Wt

Jones (1966) developed the following recursive equations in the

attempt to obtain the optimum weight matrix W. Define

A ...
dt = (y - )11_ (y ) + p (2.3.5)

-t-1 z-t-2 -t-l-t-1 - -z t-2
A A A

W = W cy -z )(y z )'L /c1 (2.3.6)
t t-1 t t-1 -t --2 t-1 t

Zt = V Wt -t-1 -yt ) (2.3.7)
A A

pL = L L (y -z )(y )11_. (2.3.8)
t t-1 t-l-t1 t-2 -t1 -z t-2 -t1 t

where p is a constant with 0 < p < 1.

Initial conditions for the case without past data are



and

zl =1r1 '
A A

= W (z -y ) ,-2 1.2 2-1
W

2
= (1 /2)I ,

L
2

= 0.01 I.-

If past data are available, Wz and L
2

could be calculated as

follows

and

where

and

F

0

1

-1
/112 1=0

L = r -1
2 0

m

-Yv_1)(Yv-Yv_1)'

Y -Y Yv+1 v _v -v-1 '
v=2

m = the number of past data points.

Forecasting Formulae

A
(a) One-Step Ahead Forecast, zt (1). Equation (2.3.7) repre--

Asents the one-step ahead forecast z t(1), i. e. ,

AA

-t
I,

Z t(1) = yt + W-t(z -y-t ) + 5-

36

(2.3.9)
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(b) Multi-Step Ahead Forecast, 'Zt(/).

A
Zt(/

t(i
-1) + 6 / > 1 (2.3.10)

(c) Adaptive Forecasting Formula.

A 1

Z t Ce) z
t- 1

(.1+1) = 2(z t -z t-1 (1)) (2.3. 11)

These results could also be obtained by analogy to the result of

SARMA(1,1) schemes.

Goodness of Fit Test

The algorithm estimates the weight matrix Wt directly, and

the matrix is updated at each time period. Define,

and Wk+1

^ ^ -A(t) = r (t)r
o

1
(t)

can then be calculated as

A A A

W = W A(t)
k+1 k

(2.3.12)

(2.3.13)

At each time period, the following statistics may be calculated to test
A

whether A(t) is significantly different from the null matrix (Jones,

1966)

A A

[1 To(t) 120(t) -Mor 1(t) M Fo(t) ][(t-s)/s] (2.3.14)
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Equation (2.3.14) is asymptotically distributed as Chi-square distribu-

tion with s degrees of freedom.

The covariance matrix for one-step ahead forecasting errors is

" A

t = E[(Zt -Z ( 1))(Z-t z- (1))']-t-1 -t-1 (2.3.15)

which could be used to test performance of MEXPS model. $
t

may

be computed recursively by the equation

=R($ +R) +t+1 - -t - t (2.3.16)
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III. DATA SETS

Sources of Data

Selected real data sets are used in this thesis. Most of them

concern macro - economic time series (partly because of the avail-

ability of data). Main sources include Survey of Current Business,

Federal Reserve Bulletin, Business Statistics, Wholesale Price

Index, and Consumer Price Index, etc. Some of these series have

been previously studied through other forecasting means. Thus,

meaningful comparisons between the results from different techniques

and MTS analysis could be made on these time series. A complete

listing of the data used in this thesis is included in Appendix II.

Treatments of Data

Real data frequently undergo several treatments to achieve the

stationarity property, and eliminate the seasonality. These treat-

ments improve the outcomes of estimation. Main treatments may

include differencing time series, deseasonalizing data, and prewhiten-

ing or filtering time series. Alignment, a technique used in spectral

analysis, could be useful in the time domain analysis, too.
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Nonstationar ity

In this thesis, MTS schemes are assumed to be stationary

stochastic processes. Unfortunately, this is generally not true for

economic time series. However, most economic tims series could

attain the stationarity property by first order or second order differ-

encing (Granger, 1966; Box and Jenkins, 1970; Nelson, 1973). A

first order differencing of time series, z , is simply wt = zt zt_i.

Another possibility includes taking the natural logs of the raw data and

then proceeding to examine differences in the logs.

In our studies, each individual series of an MTS scheme was

plotted and examined. Necessary differencings were carried out

before starting the process of estimation. Caution should be taken

to avoid over-differencing. If a differenced series is used in the

process of forcasting, additional steps are needed to obtain forecasts

of the original series. For instance, let wt be the forecast of first

order differenced series, then the forecast of the original series,

could be calculated as

where zt- 1

A A
zt = +t t- 1

is known at time period t.

Z t ,

(3. 2. 1)

Relationship between covariance matrices of an original and the

first order differenced MTS series could be shown below by using a



result in Jenkins and Watts (1968, p. 181). Define

cov(z , z ) = rt -t-k) k

and

cov(w ,w ) =t t-k k

then

Seasonality

rllk r12k

r 21k r
22k

risk

r2sk

rs lk rs2k rssk

r* r;
1 lk 12k

r*lsk

r22k r2sk

r" r* rs lk s2k ssk

r( -r. + Zr. r
ijk ri, j, k-1 ,j,k i,j,k-1
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(3. 2. 2)

(3.2.3)

(3.2.4)

There are two alternatives in dealing with the problem of

seasonality. One approach is to use raw economic data and develop a

seasonal model, or one may use seasonally adjusted data and fit a

non-seasonal model. Most published economic time series provide

both kinds of data.

Seasonality does not truly present serious difficulties in the

theories of MTS estimation. However, it could require a substantially

additional amount of computational efforts if non-seasonal estimating
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procedures were directly applied. To simplify the mathematics,

seasonally adjusted data were used in the thesis. No further analysis

of seasonality was made in this thesis.

There are a number of methodologies for seasonal adjustment

(Hannan, Terrell, and Tuckwell, 1970). Different data sources may

employ diverse methods. Therefore, the data used in this study are

actually products of various seasonally adjustment techniques. This

difference in seasonally adjustment methods is not expected to sig-

nificantly affect the outcomes of the forecasting.

Prewhitening and Detrending

Kendall (1973) suggests that it is better to get rid of known

effects such as mean, linear trend, and seasonal effects, before pro-

ceeding to further estimation and forecasting procedures. Fortunately,

differenced series usually have little to worry about this.

Alignment Technique

This is a technique used often in the spectral analysis. The

bias in coherency due to phase shift could be considerably reduced by

aligning two time series. In other words, alignment causing the peak

of cross correlation occurs at zero lag. Some subjective judgements

are needed to determine how to align time series for more sophisti-

cated MTS analysis beyond the simple bivariate cases. The technique
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will not be actively utilized in this study.

Checking Independences between Time Series

If all time series in an MTS scheme are independent of each

other, then the MTS analysis is simply s individual STS analysis.

MTS analysis does not produce a better forecast outcome in such

cases. A time series in an MTS scheme may not correlated to every

other series, but it should have some extent of significant correlations

to part of the s series. Therefore, checking the independencies

between time series serves as the first screen test in selecting

appropriate time series for an MTS analysis.

Checking the independence between time series may be con-

sidered as part of the identification stage in the first phase of the

overall model building and forecasting approach described in Chapter

VII. However, it is beneficial to discuss the subject now in conjunc-

tion with the selection of data sets.

There are several techniques for checking independence of two

time series. For examples, partial correlation approaches

(Quenouille, 1949; Hannan, 1970), and nonparametric tests of in-

dependent time series MMA(s, q) schemes (Sen, 1965). The tech-

nique used in this thesis is a two-stage method developed by Haugh

(1976).



Haugh's method fits STS schemes to each individual series at

the first stage, and then cross correlates the two residual series

obtained from the first stage. The asymptotic distribution of lagged

residual cross correlations,

44

r12(k), follows a normal distribution

with mean zero and variance 1/N (Hannan, 1970). Consequently,

a Chi-square test statistic has been developed as

where

m

(r (k))2Sm = N 12

k=-m

N is the length of time series, and

(3.3.1)

m is the length of lag used in the calculation of sample cross-

correlation r 12(k).

For large m relative to N, say m > N/10, a modified test

statistic S* should be used instead.
m

Sm =

m

k= -m

-1 ,--
N-11d) (r 12(k))2 (3.3.2)

Both statistics have a Chi-square distribution with 2m+1 degrees of

freedom.
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Simulated MTS Data Sets

Although simulated data sets have not been used in this thesis,

several technical questions related to the conducting of simulation

studies are discussed in this section.

In order to see the real effectiveness of estimation methods,

the prediction errors of individual time series should not be assumed

independent (as most simulation studies usually do). One of such

examples is a bivariate time series examined by Watts and Jenkins

(1968, p. 386). In other words, prediction errors are multivariate

normally distributed with mean zero vector and covariance matrix

is defined by Equations (1.2.23) and (1.2.24), that is

T
1 sCr 11 Cr 12

621 622 62s.

T
s 1

T
s2 SS

261

P216261

Psi 6s61

Pl26162
2

62

p T Ts2 s 2

. p
1 s 1

0-s

p2s62
6S

2

s

(3.4.1)



where

= = 1, 2, . s
1 11

o-.. =
13 1 j

i = 1,2, ..., s
13

j= 1,2,...,s

o-.. = E(a. a. ) ,it it

i j

and p.. is the correlation coefficient between series i and j.

Define

al = u
1

a
2

= c
1
u

1
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2
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= c
2

u
1

+ c
3

u
2

+ u
3

a4 = c4u1 + c5u2 + c6u3 + u4.

46

(3.4.2)

The u. 's are assumed to have identical, independent, and normal

distribution with mean zero and variance 1. Linear combination

a. Is could be established in terms of u. such that Equation (3. 4. 1)

is satisfied. The coefficients of these linear combinations form a set

of nonlinear algebraic equations as illustrated in Appendix I. An

algorithm utilizing the combination of Newton's method and the steep-

est descent method developed by Powell (1970) may be employed to

determine these coefficients of linear combinations for simulated

studies.
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Furthermore, a subroutine for solving high order polynomial

functions is needed to determine the values of roots of the backward

shift operator in the attempt to ensure the stationarity property of

simulated MTS data sets.
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IV. COMPARATIVE STUDIES OF ESTIMATION METHODS

Comparative Studies in STS Analysis

Reid (1969) has conducted comparative studies and compared

Box-Jenkins' model, Brown's general exponential smoothing model,

Holt-Winters' model, Harrison-Stevens' method, and Seatrend method

in STS analysis. For one-step ahead forecasts, the report shows that

the percentage of best performance on the number of series that each

method investigated are 74, 8, 12, 15 and 6 for the aforementioned

methods, respectively. As lead times of forecast increase, outcomes

of these methods vary. For instance, the superiority of Box-Jenkins'

models declines as lead times become longer and longer.

Newbold and Granger (1974) also made another investigation of

comparative studies with Box-Jenkins, Holt-Winters, and stepwise

autoregressive methods. Their results revealed similar findings.

Comparative Studies in MTS Analysis

Most theoretical works on MTS analysis have used the

MAR(s, p) schemes. Some problems concerning MMA(s, q) and

MARMA(s, p, q) models have not received comfortable solutions yet.

The gap between practical applications and theoretical developments

is still wide. Some of the reasons for the gap are enormous amount

of computational efforts required, and the complexities and
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tediousness of mathematics underlying on the subject. For these and

possible other reasons, no published comparative studies of MTS

estimation methods have been reported. But, some people such as

Newbold and Granger (1974) have expressed their interest in this area.

They suggested the investigation of each individual series first and

then examine cross-correlations between the residuals from the fitted

univariate models. But, no specific estimation method was mentioned.

Factors Examined in Comparative Studies

Many factors may be involved in the designs of comparative

studies. In this thesis, factors such as estimation methods, the

criterion of comparing forecasting outcomes, lead times of forecast-

ing, and computational effort are examined in depth.

Estimation Methods

The estimation methods include MYWEQ, CDLS, and MEXPS.

These methods have been developed for fitting MAR (s, p) and

MARMA(s, 1, 1) schemes which are suitable in representing most

economic time series. MMA(s, q) and general MARMA(s,p, q)

schemes have been excluded because no efficient estimation pro-

cedure is available.



Criterion of Comparisons

Several criteria have been suggested for comparison of MTS

forecasting performances (Chitturi, 1973; Alavi, 1974) such as

(1) C
1T

= (1 /(N-T))

(2) C
2T

= (1 /(N-T))

(3) C3T = (1 /(N-T))

and

(4) C
4T

= I E(6 .5t 1)1-t-
where

N-T S

t=1 i=1

N-T

t=1

N-T

t=1

,2
Z1, t+T-zi, t+T

X.I5 )2
-t+T

(D5 )'(D5 )-t+T --t+T

i = the index of time series,

T = the lead time of forecasting,

N = the length of time series,
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(4.3.1)

(4. 3. 2)

5
t+T

= z
t+T

- z-t+T = T-step ahead forecast error at time period t,-
= a weight vector

D = a diagonal matrix, and

represents the determinant of matrix A.

The objective is to minimize the values of these criteria. C1T

is the mean square errors of all forecasting error components with
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gives an objective function

based on a linear combination of each time series forecasting errors.

Each time series may have different significance in practical applica-

tions, and C
3-r

takes this into consideration by assigning unequal

weights to series. One should notice that C, is a special case of

C3
T

with D = I. CA
-±T

represents an immediate analogy for the

least square error criterion in STS analysis. For simplicity, Cl-r

has been selected in this thesis.

These four criteria fall into the category of least square errors

type of yardstick. Cost functions of forecasting errors in real

economic and business environments are not likely to be in a quadratic

loss function form. Granger (1969) suggested a sub-optimal manner

in dealing with a generalized cost function by adding a constant bias

term to the predictor. Such a generalized cost function could be

derived from past experience.

Lead Time of Forecasting

Simple forecasts or forecasts which have great economic

impacts may be updated at each time period. Therefore, one

probably only conducts one-step ahead forecasts in such situations.

However, forecasts are also frequently carried out several steps

ahead. These multi-step ahead forecasts could supply intermediate-

to long-range picture of uncertain future for decision makers.
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Besides, multi-step ahead forecasts certainly provide an alternative

to reduce the computational expenses with acceptable forecasting out-

comes. Another attampt to decrease the cost of forecasting opera-

tions is discussed in Chapter VII.

Naturally, one may expect that various forecasting methods

enjoy different ranks of performance when lead times for the fore-

casting change. In this thesis, one-, two-, four-, and six-step ahead

forecasts are made on 22 selected MTS data sets. A complete list

with brief explanation of these data sets is presented in Appendix II.

Computational Effort

All three forecasting methods have been programmed in

FORTRAN IV. The comparative studies are executed on the CDC

3300 computer of Oregon State University. Computer time consumed

and weighted mean square errors for each forecasting method are

examined.

Results of Comparative Studies on MTS Estimation Methods

Weighted mean square errors (i.e., C,
T

) for the comparative

studies on 22 selected MTS data sets are listed in Table 4.1 for

different forecasting lead times. Results are summarized and com-

pared in Tables 4.2 to 4.5. Rank 1 has the best performance, while

Rank 3 represents the worst results.



Table 4.1. Weighted mean square errors for 22 MTS data sets.

Data
Set

One-Step Ahead Forecast Two -Step Ahe ad Forecast Four-Step Ahead Forecast Six-Step Ahead Forecast

MEXPS MYWEQ CDLS MEXPS MYWEQ CDLS MEXPS MYWEQ CD LS MEXPS MYWEQ CDLS

1

2

3

226
182
133

289
417
417

644
382
668

340
286
229

307
422
414

2132
351

2754

770
685
602

393
564
574

21903
418

35834

1489
1370
1259

501
750
757

23939
425

39953

4 3.124 3.414 5.076 4.302 - 14.826 4.735 37.32 5.18 -

5 3.413 5.416 36.480 6.640 8.680 23.130 21.020 6.900 9.900 54.50 54.50 4.880

6 2.586 2.294 5.600 5.022 - 20.400 7.530 - 52.20 8.370 -

7 2.164 2.226 5.558 2.460 2.121 5.167 5.500 2.785 3.028 13.460 3.333 2.959

8 10.246 14.664 - 33.560 21.500 125.10 23.61 - 283.20 54.34 -

9 6.593 13.615 11.712 35.71 14.77 20.16 72.49 7.006 6.745 51.48 1.458 2.016

10 11.312 13.808 44.39 35.93 - 167.40 61.81 - 370.50 73.51 -

11 0.141 0.309 0.227 0.248 0.269 0.378 0.354 0.225 1.481 0.304 0.347 27.20

12 0.013 0.344 0.537 0.026 0.350 0.761 0.075 0.338 4.260 0.160 0.514 105.00

13 0.140 0.237 0.209 0.163 0.144 0.209 0.262 0.198 0.236 0.454 0.365 0.363

14 0.049 0.174 0.116 0.050 0.170 0.122 0.099 0.153 0.130 0.161 0.207 0.212

15 3.263 4.297 - 14.580 3.925 - 63.570 2.421 - 145.70 3.888 -

16 1.555 2.549 9.38 6.980 3.350 12.93 26.00 2.002 26.18 85.82 3.397 44.46

17 5.653 15.562 - 25.60 31.98 - 92.01 91.00 - 325.70 92.06 -

18 0.098 1.537 1.590 0.375 1.315 2.063 1.744 1.368 1.666 3.579 1.960 1.810

19 7.144 21.688 18.543 31.570 15.31 31.06 120.40 13.20 29.12 280.10 16.83 50.83

20 0.086 0.315 0.310 0.390 0.341 0.392 1.864 0.261 0.228 6.660 0.381 0.453

21 0.846 3.467 2.909 3.090 3.044 4.680 16.350 3.059 6.424 27.930 1.703 10.06

22 0.058 0.697 0.353 0.261 0.458 0.450 1.142 0.288 0.386 3.754 0.364 0.519
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Table 4.2. Performance of forecasting method in one-step ahead
forecasts.

Method Rank 1 (%) Rank 2 (%) Rank 3 (%) No. of Data Sets

MEXPS
MYWEQ
CDLS

91
5

6

9

59
50

0 22
36 22
44 16

Table 4.3. Performance of forecasting methods in two-step ahead
forecasts.

Method Rank 1 (%) Rank 2 (%) Rank 3 (%) No. of Data Sets

MEXPS
MYWEQ
CDLS

41
59

0

55
27
25

4 22
14 22
75 16

Table 4.4. Performance of forecasting methods in four-step ahead
forecasts.

Method Rank 1 (%) Rank 2 (%) Rank 3 (%) No. of Data Sets

MEXPS
MYWEQ
CDLS

14
77
12

36
18
63

50 22
5 22

25 16

Table 4.5. Performance of forecasting methods in six-step ahead
forecasts

Method Rank 1 (%) Rank 2 (%) Rank 3 (%) No. of Data Sets

MEXPS
MYWEQ
CDLS

14

64
31

36
36
38

50 22
0 22

31 16
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The computer times (measured in Central Processing Unit,

CPU, seconds) on the OS-3 system at Oregon State University are

recorded in Table 4. 6. The amounts of CPU time consumed by

MEXPS, MYWEQ, and CDLS methods range from 18 to 53, 27 to 94,

and 30 to 76 seconds, respectively. The times for MYWEQ and

CDLS methods are 62% and 63%, respectively, higher than the

amount needed for MEXPS method. The computational efforts are

further summarized in Table 4.7. Rank 1 takes the least amount of

CPU time, while Rank 3 consumes the largest amount of CPU time.

Table 4.6. Computer times (CPU seconds) used in MTS analysis.

Data Set MEXPS MYWEQ CDLS

1 53 94 76
2 35 42 63

3 36 60 76
4 47 87 68
5 23 39 41
6 24 40 39

7 46 75 67

8 26 40 40
9 23 38 42

10 24 41 42
11 45 73 67

12 25 40 43
13 45 71 66
14 36 60 76
15 24 39 39

16 26 44 39
17 24 39 39
18 26 41 42
19 40 64 58

20 45 76 64
21 18 27 30
22 31 47 43
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Table 4.7. Requirements of computational effort.

Method Rank 1 (%) Rank 2 (%) Rank 3 (%) No. of Data Sets

MEXPS
MYWEQ
CDLS

100
0
0

0

55
45

0
45
55

22
22
22

Discussions

For one-step ahead forecasts, MEXPS has demonstrated its

superiority in the forecasting outcomes. As lead times increase,

MYWEQ becomes the method with best results. CDLS has consistent

disappointing performance for all lead times. This apparently fails

the expectations of Chitturi who has claimed or at least hoped that the

method produces optimal forecasts for different lead times. In our

studies, CDLS has been vulnerable (about 36% of the time) to the

property of matrix singularity when fitting for higher orders (2 or 3).

However the problem does not occur for an order 1 matrix.

Among the 22 data sets, 16 have been studied by others. MTS

results show that MEXPS had better outcomes, in all cases, MYWEQ

had 8 sets (50%), and CDLS only had 2 sets (13%) superior to

other forecasting means which included regression models, STS

models, and econometric models. This demonstrated promising

results and encouragements for using MTS analysis.
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V. COMPOSITE FORECASTING TECHNIQUES IN MULTIPLE
TIME SERIES ANALYSIS

Justification of Composite Forecasting Techniques

There are many approaches or models available for forecasting

time series For examples, econometric models, regression models,

spectral time series analysis, and finite parameter time series are

all forecasting models Within the time domain analysis technique,

several methods are available for the purpose of forecasting. In gen-

eral, each approach or method within an approach may provide addi-

tional unique information. The methodology of composite forecasting

is based on the principle of maximal information usage as Bunn (1975)

stated "the principal motivation for combining forecasts has been to

avoid the a priori choice of which forecasting method to use by

attempting to aggregate together all the information which each fore-

casting model embodies. "

The composite forecasting technique takes linear combinations

of forecasts from individual forecasting methods. It is a kind of sub-

jective procedure. Dickson (1973) has derived some statistical results

in the composite forecasting technique. Bunn (1975) further justified

the technique using the Bayesian approach. The argument is that a

procedure utilizing prior subjective probabilities in each forecast and

updating these probabilities when new data appear via Bayes' theorem
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furnishes a rational basis for the technique.

Suspicions and objections to the composite forecasting technique

have been raised by other statisticians. However, results of some

empirical studies have convinced us to make additional efforts to

investigate the effectiveness of the technique in MTS analysis.

Composite Forecasting Studies in STS Analysis

Model

A linear combination of forecasts in the composite forecasting

technique has been described in Newbold and Granger (1974). In

order to avoid confusion, new notations are introduced in this sec-

tion. Let

A/ A A A
X 1-- (X 1T' X 2T' xmT) be the m unbiased individual

forecasts of x (i.e., z
T

).

Then the linear combination

where

and

in
c = k x

T

lc'
T

1 = 1

kT
(k1 T' k2T' kmT)

11 = (1, 1, ... , 1)

(5.2.1)

(5.2.2)

(5.2.3)

0 < k iT < 1 for each i. (5.2.4)
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IsWeight Factors, k
T...-

Several alternatives for calculating weight factors, k
T

Is,

have been suggested by Bates and Granger (1969). These alternatives

include

T-1 -1

(a) k. = / e.2
1, T 1, t

t=T-v

where

T-1

j=1 tz--T-v

-1
2

e.3, t (5. 2. 5)

e2 is the prediction error of i-th method at1, t

time period t.

A A

(b) kT = (
-11)

/ (1,4 , -11)

such that 0 < k.
T

< 1 for each i, and

T-1t
ZZ = v e. e.ij 1,t j, t

t=T-v

T-1

(c) k + (1-a)i, T = a
i.k, T-1

(5. 2. 6)

m T-1 -1

t=T-v

2

j,t
j =1 t=T-v

0 < a < 1 (5.2.7)

(d) k. =
1, T

T-1
1 wte2.

1, j
t=1

-1 m T-1 -1

/ W
t
e

2

j,t
j=1 t=1

(5. 2. 8)



(e) kT = ($-11) / (11-11)

such that 0 < k.
1, T

< 1 for each i and

=ij
T-1 T-1

Wtei, tej, t / Wt

t= 1 t=1

W > 1.
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(5.2.9)

Previous studies on these five alternatives for determining

weight factors and values of v do not indicate significant differences

in the results (Bates and Granger, 1969; Newbold and Granger, 1974).

Hence, alternative (a) with v = 1 is selected because of simplicity

and less computational tasks. Thus,

m
-

k. = (e2
)-1 V (e2

)
1

1, T T-1 j, T-1
j =1

(5. 2. 10)

In MTS comparative studies of forecasting methods, the performances

of individual series may also be used to compare the results from

STS analysis.

Performances

An empirical study of airline passenger data shows a favorable

outcome through the composite forecast of Brown's exponential

smoothing and Box-Jenkins' method to be 23. 5 and 17.5% better (in

terms of mean square errors) than the results from the two individual
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methods, respectively, (Bates and Granger, 1969). Another extensive

study, conducted by Newbold and Granger (1974), also reported very

encouraging results by the composite forecasting technique. The

percentage that composite forecasts outperformed individual forecasts

ranges from 16.3 to 81.3.

Nelson (1973) has investigated composite forecasts consisting

of the Federal Reserve Board-MIT-Penn (FMP) model and STS models

of the United States economy. The results disclose that the composite

predictions are more accurate than the FMP prediction for 12 out of

14 variables (85.7%) and more accurate than SARMA models for 7 out

of 14 variables (50%). The method of determining the weight factor

k Is used by Nelson is different from those in the previous section.

For two individual forecasts,

2kT = (Ze2, t-Cov(eIt , e2t )) /[Ze 1, t
+Ze

2, t
2 -2Cov(el,

te 2, t )]

Composite Forecasting Studies in MTS Analysis

Model

(5.2.11)

Define x' (xilTxi2T' 'ximT) as the vector of miT
individual forecasts, x.. for the i-th time series at time T.

Let kT (kiT,k2T, ...,kmT) be the weight factor for m indi-

vidual forecasts at time T. Then, the composite forecast for i-th



time series at time T is calculated as

where

and

c.IT = kT--1.r . T
for each i

kr 1 = 1
T

-tT (k1Tk2T' 'krnT)

lr = (1, 1, ... , 1)

0 < k.
T

< 1 for j = 1, 2, ... ,m.
j

Weight factor, kT
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(5.3.1)

(5.3.2)

Several criteria for comparing the forecasting performance by

different methods have been discussed in Chapter IV. The criterion

selected is

N-T
f

T
= (1 /(N-T)) (DOt+T)1(1--24+T)

t=1

(5.3.3)

Let ,f,_I1 f2T' 'fmT be the measures of performance using

Equation (5. 2.3) for m methods. Then, a similar equation to (5.2.5)

could be used to determine the weight factors kiT, for model (5.3. 1).

That is



T-1 -1 m T-1 -1

--1, Tk. f.
1, t 1 f3, t

t=T-v j=1 t=T-v

i= 1,2,...,m
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(5.3.4)

Again, we let v = 1 for simplicity and reduce Equation (5.3.4) to

m

k.
T T-1)

-1
= (f f T-1)

-1 i = 1,2,...,m (5.3.5)
3,

j = 1

From Equation (5.3. 1), one may notice that k is the same

for all s time series However, considerations for different

significance of time series have already been taken into account in the

process of calculating fiT'f2T' and fmT Again, D is

assumed to be I in our studies.

Test the Appropriateness of Composite Forecasts

One may calculate the Durbin-Watson (DW) statistics for each

individual series of composite forecasts. The Durbin-Watson statis-

tic for a set of data, yl, y2, ,yn

DW =

is defined as

n n
)2/ ,2

Yk Yk-1 Yk

k=2 k=1

DW statistic is then used for testing hypotheses that errors of

(5.3. 6)
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composite forecasts are uncorrelated. Values of DW statistic are

generally close to 2 for uncorrelated cases.

Results of MTS Composite Forecasts

Four possible alternatives were investigated in this study of the

effectiveness of composite forecasting techniques in MTS analysis.

These four alternatives have been designated as composite forecast

1, 2, 3, 4 (CFI, CF2, CF3, and CF4). CF1 consists of MEXPS,

MYWEQ, and CDLS methods; CF2 includes MEXPS and MYWEQ

methods, CF3 comprises MYWEQ and CDLS methods; and CF4 con-

tains MEXPS and CDLS methods. CF1, CF3, and CF4 were conducted

on 14 data sets while CF2 was examined on all 22 data sets. The rea-

son for different data set sizes is that some data sets had very poor

results under certain forecasting methods and therefore were

excluded.

Table 5.1 summarizes the results of these composite studies.

Table 5.2 indicates the ranks of performance among the four com-

posite forecasting alternatives. Again, rank 1 indicates the best

performer and rank 4 represents the worst one.

The weighted mean square errors obtained by three MTS fore-

casting methods and four composite forecasting alternatives on the

selected 22 data sets are listed in Table 5.3. The percentage of

differences between each composite forecasting alternative and the
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best individual forecasting method associated with the alternative are

shown in Table 5.4.

Dis cus sion

There are only four data sets (data set 3, 19, 21, and 22) which

failed to generate at least one composite forecast alternative which

has better results than any individual forecasting methods. This

certainly demonstrates the benefit of using composite forecasts.

Table 5.1 further illustrates that all alternatives except CF3 produce,

at least 50% of the time, better forecasting outcomes than individual

MTS forecasting methods.

Table 5.2 clearly indicates that CF3 is not a good composite

forecasting alternative. One reason may be the similarity in estima-

tion procedures. This would lead one not to use it in the future. CF4

seems to enjoy best results among four alternatives.

How much improvement have composite forecasts gained over

the best individual forecasting methods? Table 5.4 shows that the

percentage of improvement ranges from 8.8 to 22.0 for the four

composite forecasting alternatives.
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Table 5.1. Performance of composite forecasting alternatives.

Alternative

Better
than

MEXPS (%)

Better
than

MYWEQ (%)

Better
than

CDLS ( %)
No. of

Data Sets

CF1
CF2
CF3
CF4

50
71

0
71

100
100
79

100

100
67
79

100

14

22
14
14

Table 5.2. Ranks of performance among composite forecasting
alternatives.

Rank 1 Rank 2 Rank 3 Rank 4
Alternative (%) (%) (%) (%)

CF1 14 29 57 0

CF2 36 50 14 0

CF3 0 0 0 100
CF4 57 21 22 0



Table 5.3. Weighted mean square errors for composite forecasts.

Data Set MEXPS MYWEQ CDLS CF1 CF2 CF3 CF4

1 226 289 644 169 168 247 185
2 182 417 382 191 167 388 165
3 133 417 668 186 169 398 158
4 3.124 3.414 - 2.472
5 3.870 5.420 36.480 4.162 3.669 5.611 4.367
6 2.586 2.294 - 1.689 - -

7 2.164 2.226 5.558 2.144 2.094- 2.346 2.152
8 10.246 14.664 - 6.801 -

9 6.593 13.615 11.712 4.367 2.696 15.570 3.684
10 11.312 13.808 - 9.432 -

11 0.141 0.309 0.227 0. 136 0.136 0.199 0.108
12 0.013 0.344 0.537 0.015 0.014 0.285 0.013
13 0.140 0.237 0.209 0.135 0.136 0.205 0.130
14 0.049 0.174 0.116 0.029 0.030 0.129 0.026
15 3.263 4.297 - - 3.033 -
16 1.555 2.549 9.376 1.543 1.426 2.315 1.802
17 5.653 14.562 - 4.620
18 0.098 1.537 1.590 0.073 0.075 1.545 0.078
19 7.144 21.688 18.543 8.984 7.732 18.203 8.700
20 0.086 0.315 0.310 0 074 0.062 0.257 0.072
21 0.846 3.467 2.909 1.051 0.945 2.640 0.913
22 0.058 0.697 0.353 0.079 0.068 0.340 0.066
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Table 5.4. Percentage of weighted mean square errors
differences between composite forecasting
alternatives and their associated best
individual forecasting methods.

Data Set CF1 CF2 CF3 CF4

1 25 25 14 18

2
3 -- 5 --
4 -- 21 --
5 -- 9 -- --
6 26 --
7 1 3 - 1

8 34 --
9 34 59 -- 44

10 17 --
11 3 3 23

12 17

13 4 4 2 7

14 41 39 47
15 7

16 -- 8

17 18

18 25 23 20

19 2

20 14 18 17 16

21 9

22 4 --

Average 18.4 19. 6 8.8 22.0

Standard deviation 15.1 15.1 6.5 16.2
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VI. PROCESS CONTROL PROCEDURES FOR MULTIPLE TIME
SERIES FORECASTING OPERATIONS

Quality Control Techniques and Process Control Procedures

Statistical quality control techniques have been used in both

commercial and military production systems with remarkable suc-

cesses in the past few decades. Simple control charts could provide

timely warning of a deviation from the standard or target and of pos-

sible need for corrective actions. It also helps identifying possible

"assignable causes" of variations that could be removed.

Box, Jenkins, and MacGregor (1974) viewed these are feedback

controls and process improvements. They further made attempts to

use quality control concepts in studying disturbances generated by

time series or stochastic models. Applications to a chemical process

problem and a machine tool problem were illustrated. The machine

tool problem demonstrated trade-offs between deviations from target

and reduced costs for less adjustments.

One research objective in this thesis is to examine the effective-

ness of process control concepts in MTS forecasting operations. An

ideal process control only makes adjustments to a process for war-

ranted significant deviations. It might be true that some people are

willing and can afford to spend a great amount of money on computa-

tions to obtain desired outcomes in national economy forecasts or
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corporation sale forecasts. Besides, most of these forecasts are

usually made monthly or quarterly. However, forecasts for multi-

characteristic production processes could easily become economically

infeasible if they are to be updated in short intervals of time such as

on the basis of hour or shift. The process control concept is almost

a necessity in such situations.

Multivariate Control Charts

Most industrial products and processes involve more than one

quality characteristic. And the joint effect of these characteristics

determines product qualities. If independent control charts are used,

distortions occur in the process of control. Related characteristics

may appear, when studied individually, to be under statistical control

when the whole process is actually out of control. The reverse

situations could also be true.

Hotel ling (1947) is the first one to introduce a quality control

procedure for several related variables. A multivariate control

chart or T control chart portrays Hotel ling statistics at each time

period. In an s-variate MTS analysis, prediction errors are assumed

to be multivariate normally distributed with a zero mean vector and a

constant covariance-variance matrix $. Generally, $ is unknown

and could be estimated by



where

S = (1/(N-1))

N

i=1

a. -1)(a. --a)?1 1

N = the length of time series, and

3. = (1/N)

i= 1

N

Define Hotelling T2

= the sample mean.

statistic as

_ _
T2 = N(arS -1

(a)
a, p, N-1
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(6.2.1)

(6. 2. 2)

then, ((N-p)/(p(N-1)))T2 has an F-distribution with p and N-p

degrees of freedom.

If the covariance matrix Zt is known, then Equation (6. 2. 2)

has a Chi-square distribution with s degrees of freedom. Figure

6.1 illustrates a typical T2 control chart.

60

T2 40

20

Upper control limit

T2
a, p, N-1

1 2 3 4 5 6 7 8

Sample number

Figure 6. 1. Hotel ling T2 control chart.
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Simple rules, which are similar to those used to determine

whether a process is out of control in univariate quality control cases,

could be adopted for MTS forecasting operations. A tentative set of

rules may be:

(a) the process is considered out of control if three consecutive

observations fall above the upper control limit T
a, N-1'p,

and

(b) the process is considered out of control if four of the last

five observations fall out of the limit T2a, N- 1p,

The oldest observation is dropped and the newest one is added at

each time period to maintain the same sample size. The upper con-

trol limit T2a, p, N-1

Hotelling T2

is not constant, otherwise.

test reveals only that the observation is either

significantly different or not significantly different from the assumed

mean vector, 0. The test does not indicate which series is or are

responsible for the deviation. For a bivariate MTS analysis, the

ellipse (Figure 6. 2) formed by the region of

T2
p(N-1) Fa, p, N-1 (N-p) a, p, N-p

could help identify the series which is out of control. It becomes

difficult or impossible to perceive the presentation of ellipsoids for

MTS analysis involving more than two time series.



z
2 O

z
1

Figure 6. 2. Ellipse for a bivariate control chart.

If economic factors are taken into consideration in process

control procedures of MTS forecasting operations, minimum cost

models for multivariate quality control tests (Montgomery and Klatt,

1972) may be proven useful.

Example of Process Control Procedures in MTS
Forecasting Operations

Data
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In this section, a trivariate MTS model is used for illustrating

process control procedures in MTS analysis. The model consists of

(1) yields of the U.S. treasury bills (SER12), (2) yields on com-

mercial papers (SER13), and (3) yields on corporate bonds

(SER14). The original data and their first difference series

(SER12D, SER13D, SER14D) are included in Appendix II. The source

of data is from Business Statistics. In order to have the same ground
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for comparing results obtained by various forecasting means, data

are broken down to the same sampling and forecasting periods.

Sampling period covers from the first quarter of 1947 to the last

quarter of 1966, and the data from the first quarter of 1967 to the

fourth quarter of 1969 are used for comparing outcomes of forecasting.

Multivariate Control Chart

The process control procedure is only applied to one-step

forecasts. Let, a = 0. 05 and N = 79, then the T2 statistic is

computed as

T2
2 ((p(N-1)/(N-p))F0.05,3.76a,p,N-1 = T 0.05,2.78

= 3 x 78/76 x 2.74

= 8.4368

The actual multivariate control charts for the trivariate MTS model

are shown in Figures 6.3, 6.4, and 6.5.

Results and Observations

The outcomes of forecasting and the forecasting errors for each

method are presented in Tables 6. 1 and 6.2. The counterparts of

these results (when no process control procedure is applied) are also

included in Tables 6.3 and 6.4. Final composite forecasts and
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80 82 84 86 Time period

Figure 6. 3. Multivariate control chart for MEXPS.
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Figure 6.4. Multivariate control chart for MYWEQ.

9

8

T2 6
statistic

4

2
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Figure 6. 5. Multivariate control chart for CDLS.
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forecast errors with and without process control procedures are

listed in Tables 6. 5 to 6.8. Weighted mean square errors, i.e.,

C
1-r

, for all composite forecast alternatives are presented in

Table 6.9.

Most composite forecasts with process control procedures

produced higher forecast errors than the results obtained without

process control procedures in this trivariate MTS example. The

percentage of difference ranges from 31.6, 50.5, 3.75, and 34. 6

for the alternatives CF1, CF2, CF3, and CF4, respectively. The

best composite forecasts consisted of MEXPS and CDLS methods.

This demonstrated that the best composite forecast strategy was not

necessarily the one that includes all forecasting methods under study.

The real incentive for using process control procedures in MTS

analysis is the reduction of computational effort. In this example,

computational tasks for composite forecasts with process control

procedures are about 1 /6 to 1/8 of those required of the composite

forecasts without process control procedures. Trade-offs between

computation expenses and costs caused by forecasting errors may

lead to compromised strategies in forecasting operations.



Table 6.1. Forecasts of each method with process control procedures.

Time Period
Method 80 81 82 83 84 85 86 87

/vEr_XPS: SER12D 2.49E-02 -4.73E-01 -3.74E-01 -5.21E-01 1.02E-01 1.49E-01 1.83E-01 2.52E-01
SER13D -4.60E-01 -4.71E-01 -7.70E-01 1.78E-01 2.47E-01 2.85E-01 4.76E-01 -4.57E-02
SER14D 2.72E-01 -4.42E-02 3.53E-01 -2.92E-01 1.06E-01 4.29E-01 -3.56E-02 1.67E-01

MYWEQ: SER12D 1.83E-01 -2.08E-02 -6.27E-01 -2.83E-01 -1.22E-01 1.98E-01 3.86E-01 2.07E-01
SER13D 1.59E-01 6.99E-02 -4.41E-01 -3.48E-01 -1.31E-01 1.66E-01 3.28E-01 2.32E-01
SER14D 8.12E-02 -2.59E-02 -1.25E-01 -1.38E-02 5.42E-02 9.24E-02 1.51E-01 5.28E-02

CDLS: SER12D 8.66E-02 -2.28E-01 -1.97E-01 5.47E-01 2.42E-01 1.09E-01 9.40E-02 -1.28E-01
SER13D 2.51E-01 -3.60E-01 -5.88E-01 2.12E-01 3.23E-01 3.11E-01 5.16E-01 1.38E-01
SER14D 4.05E-02 -1.25E-02 8.64E-02 1.42E-01 1.72E-01 5.16E-02 3.89E-02 8.81E-02

Table 6.2. Forecast errors of each method with process control procedures.

Time Period
Method 80 81 82 83 84 85 86 87

MEXPS: SER12D 7.34E-01 4.03E-01 -1.06E-00 -9.63E-01 -1.68E-01 -2.96E-01 4.67E-01 -1.03E-01
SER13D 6.01E-02 2.89E-01 -1.03E-00 -1.42E-01 -3.32E-02 -2.15E-01 5.96E-01 -4.57E-02
SER14D 5.32F-01 -1.84E-01 -7.22E-03 -7.02E-01 5.53E-03 -7.71E-02 1.34E-01 6.60E-03

MYWEQ: SER12D R. 95E-01 8.56E-01 -1.31E-00 -7.25E-01 -4.00E-01 -2.47E-01 6.70E-01 -1.48E-01
SER13D 6.79E-01 8.30E-01 -7.01E-01 -6.68E-01 -1.49E-01 -3.34E-01 4.48E-01 2.32E-01

SER14D 3.41E-01 -1.65E-01 -4.85E-01 -4.24E-01 -4.58E-02 -2.76E-02 3.21E-01 -1.07E-01

CDLS: SER12D 7.99E-01 6.59E-01 -8.85E-01 1.05E-01 -3.64E-02 -3.36E-01 3.78E-01 -4.83E-01

SER13D 7.71E-01 4.00E-01 -8.48E-01 -1.08E-01 4.27E-02 -1.89E-01 6.36E-01 1.38E-01

SER14D 3.00E-01 -1.53E-01 -2.74E-01 -2.68E-01 7.17E-02 -6.84E-02 2.09E-01 -7.19E-02



Table 6.3. Forecasts of each method without process control procedures.

Time Period

Method 80 81 82 83 84 85 86 87

NIE(PS: SER12D 2.49E-02 -1.55E-01 -2.11E-01 9.80E-01 1.75E-01 1.32E-02 -5.66E-01 2.96E-01

SER13D -4.60E-01 -5.31E-01 -1.91E-02 7.27E-01 5.66E-02 2.53E-01 -3.21E-01 1.71E-01

SER14D 2.72E-01 3.16E-01 2.48E-02 4.00E-01 2.38E-01 6.51E-02 -1.34E-01 4.45E-02

MYWEQ: SER12D 1.83E-01 -3.00E-01 -5.83E-01 -2.74E-01 1.06E-01 2.66E-01 4.79E-01 9.56E-02

SER13D 1.59E-01 4.94E-02 -3.88E-01 -2.83E-01 1.21E-01 2.42E-01 4.33E -01 1.10E-01

SER14D 8.12E-02 -3.29E-02 -1.24E-01 6.77E-02 2.21E-01 1.40E-01 2.13E-01 -3.97E-02

CI)LS: SER12D 8.66E-02 -2.41E-01 -2.40E-01 6.62E-01 3.14E-01 1.38E-01 1.16E-01 -4.02E-01

SER13D 2.51E-01 -3.66E-01 -6.44E-01 1.59E-01 3.30E-01 3.82E-01 7.29E-01 1.62E-01

SER14D 4.05E-02 -1.75E-02 2.03E-01 1.87E-01 2.63E-01 4.95E-02 -0.75E-02 -6.89E-02

Table 6.4. Forecast errors of each method without process control procedures.

Method

Time Period

80 81 82 83 84 85 86 87

MM'S: SER12D 7.37E-01 7.22E-01 - 0.00E -01 5.38E-01 -1.03E-01 -4.32E-01 -2.82E-01 -5.92E-02

SER13D 6.01E-02 2.89E-01 -2.79E-01 4.07E-01 -2.23E-01 -2.47E-01 -,2.01E-01 1.71E-01

SER14D 5.32E-01 2.22E-01 -3.35E-01 -0.89E-03 1.38E-01 -5.49E-02 3.63E-02 -1.16E-01

MYWEQ: SER12D 8.95E-01 8.74E-01 -1.27E-00 -7.16E-01 -1.71E-01 -1.79E-01 7.63E-01 -2.59E-01

SER13D 6.79E-01 8.09E-01 -6.48E-01 -6.03E-01 -1.59E-01 -2.58E-01 5.53E-01 1.10E-01

SER14D 3.41E-01 1.73E-01 -4.84E-01 -3.42E-01 1.21E-01 2.00E-02 3.83E-01 -2.00E-01

CMS: SER12D 7.99E-01 6.36E-01 -0.28E-01 2.20E-01 3.62E-02 -3.07E-01 4.00E-01 -7.57E-01

SER13D 7.71E-01 3.94E-01 -0.04E-01 -1.61E-01 4.96E-02 -1.18E-01 8.49E-01 1.62E-01

SER14D 3.00E-01 -1.57E-01 -1.57E-01 -3.23E-01 1.63E-01 -7.05E-02 1.60E-01 -2.29E-01



Table 6.5. Composite forecasts with process control procedures.

Composite Forecast

Alternative

Time Period

80 81 82 83 84 85 86 87

CF1: SER12D 8.50E-02 -3. 53E-01 -3. 68E-01 4. 26E-01 2.00E -01 1.50E -01 2.08E -01 2.31E -01

SER13D -0. 26E-02 -3. 77E-01 -6. 03E-01 1. 70E-01 2. 91E-01 2.59E -01 4. 48E-01 -4. 24E-03

SER14D 1.56E-01 -3. 33E-02 1.10E -01 1.05E -01 1.54E-01 2.02E -01 4. 38E-02 - 1.97E -02

CF2: SER12D 7.27E -02 - 4.07E -01 - 5.00E -01 - 4.03E -01 7.09E -02 1.70E -01 2.78E -01 2.46E -01

SER13D - 2.73E -01 - 3.91E -01 - 6.06E -01 - 8.15E -02 1.94E -01 2.33E -01 4.06E -01 - 5.93E -03

SER14D 2. 15E-01 -4. 15E-02 1. 15E-01 - 1.55E -01 9.84E -02 2.82E -01 5. 18E-02 -2. 29E-02

CB: SER12D 1.34E -01 - 1.67E -01 - 3.71E -01 5.28E -01 2.35E -01 1.50E -01 2.27E -01 1.29E -01

SER13D 2.06E -01 - 2.33E -01 - 5.28E -01 1.99E -01 3.15E -01 2.44E -01 4.29E -01 2.10E -01

SER14D 6. 06E-02 -1. 65E-02 9. 66E-04 1. 38E-01 1. 70E-01 7. 05E-02 9. 02E-02 6.10E -02

CF4: SER12D 4. 39E-02 -4. 02E-01 - 2.69E -01 5.22E -01 2. 28E-01 1.30E -01 1. 37E-01 2. 34E-01

SER13D -2. 41E-01 -4. 39E-01 - 6.62E -01 2.11E -01 3.15E -01 2. 98E-01 4.96E -01 -3. 69E-02

SER14D 2.01E -01 -3. 49E-02 1. 95E-01 1. 32E-01 1.65E -01 2.50E -01 2. 51E-03 -2. 97E-02



Table 6. 6. Forecast errors of composite forecasts with process control procedures.

Composite Forecast

Alternative

Time Period

80 81 82 83 84 85 86 87

CF1: SER12D 7.97E-01 5.24E-01 -1.07E-00 -1.56E-02 -7.84E-02 -2.95E-01 4.92E-01 1.24E-01

SER13D 4.27E-01 3.83E-01 -8.63E-01 -1.50E-01 1.11E-02 -2.41E-01 5.68E-01 -4.24E-03

SER14D 4.16E-01 -1.73E-01 -2.50E-01 -3.04E-01 5.37E-02 8.25E-02 2.14E-01 -1.80E-01

CF2: SER12D 7.85E-01 4.70E-01 -1.19E-00 -8.45E-01 -2.07E-01 -2.75E-01 5.62E-01 -1.08E-01

SER13D 2.47E-01 3.69E-01 -8.66E-01 -4.01E-01 -8.56E-02 -2.67E-01 5.26E-01 -5.93E-03

SER14D 4.74E-01 -1.82E-01 -2.45E-01 -5.65E-01 -1.58E-03 1.62E-01 2.22E-01 -1.83E-01

CF3: SER12D 8.46E -01 7.10E-01 -1.06E-00 8.59E-02 -4.25E-02 -2.95E-01 5.11E-01 -2.26E-01

SER13D 7.26E -01 5.27E-01 -7.88E-01 -1. 20E -01 3.50E-02 -2.56E-01 5.50E-01 2.10E-01

SER14D 3.21E-01 -1.56E-01 -3.59E-01 -2.71E-01 6.97E-02 -4.95E-02 2.60E-01 -0.90E-02

CF4: SER12D 7.56E-01 4.75E-01 -0.57E-01 7.99E-02 -4.99E-02 -3.15E-01 4.21E-01 -1.21E-01

SER13D 2.79E-01 3.21E-01 -0.22E-01 -1.09E-01 3.53E-02 -2.02E-01 6.16E-01 -3.69E-02

SER14D 4.61E-01 -1.75E-01 -1.65E-01 -2. 78E -01 6.53E-02 1.30E-01 1.73E-01 -1.90E-01



Table 6.7. Composite forecasts without process control procedures.

Composite Forecast

Alternative

Time Period

80 81 82 83 84 85 86 87

CF1: SER12D 8.50E-02 -5.08E-01 -4.59E-01 5.98E-01 2.39E-01 2.12E-01 2.76E-01 7.76E-01

SER13D -9.26E-02 -4.09E-01 -5.73E-01 2.22E-01 3.04E-01 2.62E-01 4.50E-01 1.72E-01

SER14D 1.56E-01 -1.68E-01 3.07E-02 2.62E-01 1.81E-01 8.45E-02 9.53E-02 3.64E-02

CF2: SER12D 7.27E-02 -6. 63E -01 -7. 10E -01 6.24E-01 3.65E-01 2.48E-01 4.07E-01 1. 32E -01

SER13D -2.73E-01 -4.75E-01 -5.53E-01 2.25E-01 2.63E-01 2.45E-01 4.00E-01 1.78E-01

SER14D 2.14E-01 -2.41E-01 -2.95E-02 3.36E-01 3.62E-01 9.61E-02 1.36E-01 1.90E-02

CF3: SER12D 1.34E-01 -1.66E-01 -3.71E-01 5.28E -01 2.35E-01 1.50E-01 2.27E-01 1.29E-01

SER13D 2.06E-01 -2.33E-01 -5.28E-01 1.99E-01 3.15E-01 2.44E-01 4.30E-01 2.10E-01

SER14D 6.06E-02 -1.65E-02 9.66E-04 1.38E-01 1.70E-01 7.04E-02 9.02E-02 6.10E-02

CF4: SER12D 4.39E-02 -6.44E-01 -3.76E-01 5.83E-01 2.62E-01 2.15E-01 2.30E-01 -1.85E-01

SER13D -2.41E-01 -4.90E-01 -6.33E-01 2.25E-01 3.22E-01 2.91E-01 5.00E-01 4.14E-02

SER14D 2.01E-01 -2.22E-01 1.03E-01 2.00E-01 1.97E-01 8.19E-02 6.81E-02 -8.04E-03

00



Table 6.8. Forecast errors of composite forecasts without process control procedures.

Composite Forecast
Alternative

Time Period
80 81 82 83 84 85 86 87

CF1: SER12D 7.97E -01 3.69E -01 -1. 14E-00 1.56E -01 -3. 91E-02 - 2.33E -01 5.60E -01 -2. 77E-01

SER13D 4. 27E-01 3. 51E-01 - 8.33E -01 -9. 76E-02 2. 42E-02 -2. 38E-02 5. 70E-01 1. 72E-01

SER14D 4.16E -01 - 3.08E -01 - 3.29E -01 - 1.48E -01 8.15E -02 -3.55E-02 2.65E -01 - 1.24E -01

CF2: SER12D 7.48E -01 2. 14E-01 -1. 40E-00 1.82E -01 8. 70E-02 -1. 97E-01 6. 91E-01 -2. 23E-01

SER13D 2. 47E-01 2.84E -01 - 8.13E -01 - 9.50E -02 -1. 72E-02 -2.55E-01 5.20E -01 1. 78E-01

SER14D 4.75E -01 - 3.81E -01 - 3.90E -01 - 7.51E -02 2.62E -01 - 2.39E -02 3.06E -01 - 1.41E -01

CF3: SER12D 8.46E -01 7.10E -01 - 1.06E -00 8.59E -02 - 4.25E -02 - 2.95E -01 5.11E -01 - 2.26E -01

SER13D 7.19E -01 4.81E -0i - 7.60E -01 - 1.22E -01 8.36E -03 - 2.24E -01 5.10E -01 1.63E -01

SER14D 3.18E -01 - 1.59E -01 - 3.24E -01 - 3.13E -01 - 1.18E -02 - 3.33E -02 2.42E -01 - 8,29E -02

CF4: SER12D 7.56E -01 2.34E -01 -1. 06E-00 1.41E -01 -1, 58E-02 -2. 29E-01 5.07E -01 -5. 40E-01

SER13D 2.79E -01 2.70E -01 - 8.94E -01 - 9.47E -02 4.24E -02 - 2.09E -02 6.30E -01 4,14E -02

SER14D 4. 61E-01 -3. 62E-01 -2. 57E-01 - 2.09E -01 9. 66E-02 - 3.81E -02 2.38E -01 - 1.68E -01

Table 6. 9. Weighted mean square errors for a trivariate MTS example.

Composite Forecast
Alternative

Without Process
Control

With Process
Control

Difference (%)
(Col. 1-Col. 2)/Col. 1)

CF1 0. 4667 O. 6142 -31. 6

CF2 0.4626 0.6960 -50.5

CF3 0. 6754 0. 6576 + 3.75

CF4 0.3693 0.4971 -34.6
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VII. AN OVERALL APPROACH TO MULTIPLE TIME SERIES
ESTIMATION, MODEL BUILDING AND FORECASTING

A brief explanation of Box and Jenkins° (1970) model is included

in this chapter. An extended overall approach for MTS analysis has

been developed. The approach incorporates the model building con-

cept of Box and Jenkins, composite forecast techniques, and process

control procedures. It has been partitioned into estimation and fore-

casting phases. Finally, the trivariate example of Chapter VI is again

used for illustration.

Box and Jenkins' STS Model Building Approach

Box and Jenkins (1970) have suggested an iterative approach to

model building in STS analysis. The approach consists of three

stages; namely, identification, estimation, and diagnostic checking.

At the identification stage, autocorrelation functions and partial auto-

correlation functions are estimated. Plots of these functions (i.e.,

correlograms and cross -correlograms) are two basic instruments for

identifying tentative structures and determining orders of p and q.

Rules for identification have been developed by Box and Jenkins (1970),

and Nelson (1973).

At the estimation stage, parameters .4)., 0. are estimated

through least squares methods or maximum likelihood methods for

designated p and /or q.
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At the diagnostic stage, tests of goodness of fit are conducted to

seek appropriate models. If tests fail to show satisfaction, the pro-

cedure then returns to the first stage and starts the whole process

over again.

The appropriate hypothesized model can then be utilized for

forecasting or control purposes. The entire approach is best depicted

by Figure 7.1.

Postulate General Class
of Models

piIdentify Model to be
Tentatively Entertained

Estimate Parameters in
Tentatively Entertained
Model

Diagnostic Checking (is
the model adequate?)

No Yes

Use Model for
Forecasting or
Control

Figure 7.1. Box and Jenkins' iterative approach to model building
(Box and Jenkins, 1970).
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Two-Phase Estimating and Forecasting Approach for MTS Analysis

Phase I covers mainly estimation processes, and Phase II deals

with forecasting operations. Estimation phase is basically a modified

multi-Box and Jenkins' iterative procedure. It is a loop of identifica-

tion, estimation, and diagnostic checking. Necessary treatments of

data are taken and independences of time series are examined as pre-

liminary measures in Phase I. Forecasting phase includes applica-

tions of process control and composite forecasting techniques. The

proposed approach is presented in Figure 7.2. Detail descriptions

are given below.

Phase I--Estimation

Several preliminary preparations are useful in MTS analysis.

One is to select suitable and fruitful time series for using MTS tech-

nique. Haugh's two-stage method (1976) is used to exclude independent

time series. Proper treatments of data should be taken to ensure

stationarity and other desirable properties. The next preliminary

step is to postulate a general class of an MTS scheme.

Box and Jenkins' approach has been implemented for each

forecasting method under study. Specific tools for each stage are

discussed below.
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(a) Identification Stage. Two major tasks at this stage are:

(1) recognizing an appropriate MTS scheme, and (2) identifying the

orders of p and q. Autocorrelation functions, cross-

autoco rrelation functions, and partial autocorrelation functions are

investigated (Box and Jenkins, 1970; Alavi, 1975). Details of these

tools are described in the next section. Other possible instruments

have also been suggested by Quenouille (1957).

(b) Estimation Stage. MEXPS, MYWEQ, and CDLS are

utilized to estimate parameters. These methods have been discussed

in Chapter II. An estimation method may be one of the following

categories :

(1) maximum likelihood estimates,

(2) least squares estimates, or

(3) Bayesian estimates.

(c) Diagnostic Checking Stage. Tests of goodness of fit indicate

the adequacy of hypothesized models. If a test reveals an inadequate

situation, the overall approach will return to the identification stage

for another attempt. Otherwise, the appropriate model will then be

used for the forecasting phase.

Phase II--Forecasting

This phase contains two steps. The first step checks whether

the MTS forecast is under the control limit on a Hotelling T2 control
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chart. If the control chart indicates that these forecasting errors are

under the control, one then proceeds to step 2. Otherwise, the over-

all approach cycles back to the identification stage of Phase I. The

second step of Phase II applies the techniques in Chapter V to derive

composite forecasts.

Identification of STS and MTS Schemes

It is instructive to first discuss the identification of STS

schemes. Analogies exist between identifications of STS and MTS

schemes. Besides, STS schemes of an MTS model are usually

investigated before one starts MTS analysis.

Identification of STS Schemes

Autocorrelation functions and partial auto correlation functions

are two principal tools for identifying a STS scheme. Characteristic

behavior of these tools is summarized in Table 7.1 (Nelson, 1973).

Examples of correlogram for STS analysis are presented in Figure 7.3.
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(a) SMA(q) Autocorrelation Partial autocorrelation

(b) SAR(p)

(c) SARMA(p, q)

Lags

I 4

Lags

Lags

Lags Lags

Figure 7.3. Examples of autocorrelation and partial autocorrelation
functions in STS analysis.
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Table 7.1. Behavior of autocorrelation and partial autocorrelation
functions in STS analysis.

Scheme Autocorrelation Partial Autocorrelation

SMA(q) spikes at lags 1 through tail off
q, then cut off

SAR (p) tail off according to spikes at lags 1 through p
Yule-Walker equations then cut off

SARMA(p, q) irregular pattern at lags tail off
1 to q, then tail off
according to Yule-Walker
equations

Identification of MTS Schemes

Autocorrelation and partial autocorrelation functions become

matrices in MTS analysis. Cross -autocorrelation functions now play

a role in this analysis. Alavi (1974) has introduced "quasi-partial

correlation matrix" as an additional tool for identifying MTS schemes.

Brief descriptions and illustrations are presented for all three gen-

eral MTS schemes.

(a) MMA(s, q) Schemes. Consider an MMA(s, q) model,

z =-t
j=..0

ia t-j



with

E(at) °

E(a a' ) =tt-k k

rk = E(z tzt-k ) = (r..(k))

0
0

= -I

The following relations could be derived

r0 = + 2.11(21' + ..E22n21 + +149.cit

rk 1°Iic (31V3i+k + +

r = 0 for k > q

That is, the autocorrelation matrix is cut-off after lag k = q.

Define autocorrelation function p..(k) as

p..(k) = (r..(k))/(r..(0)r..33 (0))
1/2
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(7.3.1)

(7.3.2)

(7.3.3)

An example of autocorrelation function and cross-autocorrelation

function for an MMA(2, 1) scheme is shown in Figure 7.4.

Alavi (1974, p. 154) has suggested the following equation may be

used to detect whether estimated autocorrelation or cross-

autocorrelation, r..(k), is different from zero,

Var(r..(k)) (1 /(n-k)2)[(n-k)+2

k - 1

n=1

-k-h)p..(h)p..(h)] (7. 3. 4)jj



(a) Correlation (b) Correlation (c) Correlation

0 1 2 3 0 1 2 3 -1

Time series 1
0 1

Time series 2 Time series 1 and 2

Figure 7.4. Example of sample autocorrelation and cross-
autocorrelation function for an MMA(2, 1) model.

(b) MAR (s, p) Schemes. Consider an MAR (s, p) model,

P

/(1).z = a--1.-t-k t
i=i

with

(I)
0

= -I.
_ -

The following relations exist

r0 r (1) ' + r (1) ' + , . + r co ' + $
0 1 1 - 2-2 --13P

1-k Lk-1(1)1 + rk-2112 4. ILLk-p-tpl

k= 1,2, ...,p.
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(7.3. 5)

(7.3.6)

Equation (7.3.6) is a set of multivariate Yule-Walker equations.
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For SAR (p) and SARMA(pt, q) schemes, the autocor-

relation and cross-correlation functions p..(k) may be mixtures of

(1) damped exponential, and

(2) damped sine waves, and /or

(3) products of polynomial functions and damped exponentials or

s inu so id al s,

depending on roots of the characteristic function 1c1:(B)1 = 0. Figure

7.5 shows an example of sample autocorrelation and cross-correlation

function for an MAR(2, 1) scheme.

(a) Correlation

III !Ili
111

Lags
Time series 1

(b) Correlation (c) Correlation

Lags
Time series 2

Lags
Time series 1

and 2

Figure 7.5. Example of sample autocorrelation and cross
correlation functions for an MAR(2, 1) model.

Alavi (1974, p. 159) suggested another tool for identifying an

MAR(s, p) scheme as "quasi-partial correlation matrix function."

Define as the j-th matrix coefficient of an MAR(s, p)k, .

scheme, then Equation (7.3. 6) could be written as



r. = r. (13.' + r col + + r.1k, 1 2--k, 3 -k(pk, k
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(7.3.7)

k
is not the partial correlation matrix function and is referred to

as the "quasi-partial correlation matrix function" of lag k.

Theoretically,

= 0 for k > p.k, k (7. 3. 8)

Other possible aids for identifying an MTS scheme include

determinants of covariance matrix, matrix quotients of covariance

matrix and their latent roots, and partial correlations have been sug-

gested by Quenouille (1957). But, he has also recognized the fact

that these aids are very "insensitive," due to large sampling varia-

tions.

(c) MARMA(s,p,q) Schemes. Consider an MARMA(s,p, q)

scheme

Define

and

4).z =

i=1 j=0

0.a1t-j

= E(z a' ) ,3 tt-J
r*

o
= z

F. =0 for j 1 ,3

(7.3.9)



then the following relations exist

and
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k k- k-1-1 k-qq
k > 0

+ + 42, r* _ e.zZ j= 1, 2, , q (7.3.10)
j 1-1-j PP-J

These behaviors of autocorrelation and cross-correlation functions

are similar to those of MAR(s,p) schemes. Therefore, an addi-

tional tool is needed to distinguish MAR(s,p) from MARMA(s,p,q)

processes.

If q for the model is known, and we define

(I) as the j-th coefficient of the MAR(s,p) model,k I q, j

Equation (7.3.7) can then be modified as

rq+j - 1 I q, 1 + q+j q, 2 + -k±k k

j = 1, 2, .. . , k (7. 3. 11)

4' is regarded as a function of k for a given value of q, andkiq, k
Alavi (1974, p. 162) termed this the "q-conditional quasi-partial cor-

relation matrix function" of z . For q = 0, ci) reduces tot k

-k, k
of MAR (s, p) schemes.



Also,

k
0 for k > p

Example
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(4.3.12)

The trivariate MTS model of Chapter VI is again used for

illustration. The model consists of yields on the U.S. treasury bills,

yields on commercial papers, and yields on corporate bonds (i.e. ,

SER12, SER13, and SER14).

Phase I--Estimation

(a) Preliminary steps. Haugh's two-stage method for checking

the independences between time series has been employed in the

example. Twenty lags were used in the calculation of covariance

matrices. Nelson's STS models (1973) for these three series are

used as fitted univariate models at the first stage. At the second

stage, Chi-square testing statistics are computed as

and

X2 = 119.92 for time series SER12D and SER13D,
2

X = 80.93 for time series SER12D and SER14D,

X2 = 79.44 for time series SER13D and SER14D.

These figures are larger than the table value of 55.80 for a = 0.05

and 41 degrees of freedom. This indicates evidence to suspect that
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these three series are dependent of each other and, therefore, are

appropriate candidates for further MTS analysis.

Original data (SER12, SER13, SER14) and their first differenced

series (SER12D, SER13D, SER14D) are plotted in Figures 7.6 to

7.11. Original series clearly show the nonstationarity property.

Thus, we use the differenced series for studies. Autocorrelation,

partial autocorrelation, and cross -autocorrelation functions are

depicted in Figures 7.12 to 7.20.

(b) Identification stage. More specifically, the model

hypothesized that the MEXPS method is always an MARMA(s, 1, 1)

scheme with = ±0 = 2, .2 = 0, and e = The autocorre-

lation and partial autocorrelation functions (Figures 7.12 to 7.20)

suggest that SER12D, SER13D, and SER14D had SAR(p) structures.

Indeed, Nelson (1973) has fitted SAR(2) schemes for these three

series. Thus, MARMA(3, 1, 1) and MAR (3,1) seem to be suitable

tentative models at this stage.

(c) Estimation Stage. MEXPS, MYWEQ, and CDLS are used to

estimate parameters of the hypothesized models. In the MEXPS

method, the weight matrix at time period 79 is

A
W =

7 9

0.65235 0.50447 -0.51191

-0.05159 0.13175 0.14836

0.26914 0.35599 -0.00733



4.76

4.27

3.79

3.30

2.31

2.32

1.84

1.35

0.86

11 21 31 41

Figure 7.6. Plot of SE.,.12

51 61 71 Lit

Figure 7.7. Plot of SER123

Figure 7.8. Plot of SERi3

Figure 7.9. Plot of 5E6130



5.10

4.81 ."

4.53

4.24

3.96

3.69 -

3.39

3.11

2.82

0.28

0.21

0.14

0.07

-0.07

-0.14

-0.21

-0.20

-0.35

11 21 31 41

Figure 7.10. Plot of SER14

51 61 71 81

Figure 7.11. Plot of SER14D

Figure 7.12. Plot of autocorreiation esti -utos for SEP.12D

Figure 7.13. Plot of partial autccorrela stiates for SEP,120



Figure 7.14. Plot of auto.-..orrelation estiates for SER130

Figure 7.15. Plot of partial autocorrelation Estimates for SER133

-O.&

Figure 7.16. Plot of autocorrelation estimate `or SER140

1.0

0.8

0.6

0.4

0.2

-0,2

-0.4

-0.6

-1.0

Figure 7.17. Plot of partial autocorreiation asti.7.1tes for SER148



-2

Figure 7.18. Plot of cross correlation functions between
SER120 and SER13D

Figure 7.19. Plot of cress correlation functions between
SER2D and SER140

Figure 7.20. Plot of
cross correiatior, functions between

SER13D and SERi4D
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For the MYWEQ method, the parameters, (1)1 matrix, at time period

79 are

1,79

The parameters,

are

4)

_1,79

1

0.51706 -1.33140 0.92969

0.70784 -1.34040 0.75665

0.19010 -0.41753 0.07639

matrix, at time period 79 for the CDLS method

-1.03130 0.85103 0.00861

0.18807 -1.07300 0.00214

0.04820 0.05302 -0.42447

Therefore, the complete equations for these models are

or

MEXPS method

w = wt + a +t --1 t-1 =6-

wl, t wl, t- 1 al + 0.06165

w2, t w2, t- 1 a2, t- 1
+ 0.06329

w3, t w3,t-1 a3,t-1 + 0.03569

MWYEQ method

w + w = a +t 1 t- I t

(7.4. 1)

(7.4.2)

(7.4.3)

(7.4.4)

(7.4.5)



or

or

wl,t + 0.51706w1, t-1 - 1.3314w2, t-1 + 0.92969w3, t-1

= a 1,t+ 0.06165

w + O. 70784w . - 1.34040w + O. 75665w
1, 1
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(7.4.6)

= a
2, t

+ 0.06329 (7.4.7)

t + 0.19010w 1, t-1 0.4175w + 0.07636w2, t-1 3, t-1

= a3, + 0.03569 (7.4.8)

CDLS method

w +Ow =a +II
t 1 t- 1 t

wl, t 1.03130w1, + 0.85103w2,
t- 1

+ O. 00861w3, t- 1

(7.4.9)

al, t + 0.06165 (7.4.10)

w + 0. 18807w - 1.07300 w + 0
2, t t-1 2, t-1 .00214w3, t-1

a2, t + 0.06329 (7.4.11)

w3 + 0.04820w1 05302w 0.42447w,t-1 + 0. 2, t-1 3, t- 1

(7.4.12). a
3,t

+ 0.03569
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(d) Diagnostic Checking Stage. MEXPS method: The

algorithm for calculating the weighted matrix
Wt

has been proved to

be the optimal method. Therefore, the only diagnostic checking aid

required is the covariance matrix of forecasting errors. Testing the

hypothesis that the mean of forecasting errors is a zero vector is

equivalent to testing the adequacy of the method. That is, Hotel ling

statistics may be used for the diagnostic checking purpose. In the

example, the computed T2 statistic at time period 79 is 0.070

which is lower than the critical value of 8.44. Thus, we may conclude

that the estimate of the weight matrix W79 is not inappropriate.

MYWEQ method: The goodness of fit test in Chapter II leads to

the calculation of the statistic for m = 1 (i. e. , m = p = 1)

IHZml) (1/2LPJ
= 35.401

4m1 x s

which is larger than the table figures for F3,79, 0.05(2.74).

Therefore, the order of the scheme p = 1 is appropriate. The

computed Hotelling T2 statistic has a value of 2.704 which does

not reduce the suitability of the model.

CDLS method: The calculated value of Q-statistic is 400.12.

For large sample sizes in a Chi-square test, an approximate formula

to calculate the number of standard deviation as follow:



where

Number of standard deviation = 127 / 2v- 1

x2 = computed Chi-square statistic (i.e. , Q-statistic), and

v = the number of degrees of freedom.

Hence, the number of standard deviation in this example is

42 x 400. 12 / Niz x 162 - 1 = 1.57

which is not significant at a 95% confidence level. Also, the calcu-

lated Hotel ling T2

ateness of the model.
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statistic (5.43) does not suggest any inappropri-

Phase II--Forecasting

Multivariate control charts for MEXPS, MYWEQ, and CDLS

forecasting methodologies have been presented in Figures 6. 3, 6.4,

and 6.5, respectively. Composite forecasts and their forecasting

errors are listed in Tables 6. 1 and 6.2. This completes the overall

MTS estimation, model building and forecasting process for the tri-

variate model.

Comparison of Forecasts from MTS, STS, and Econometric Models

Nelson (1973) has also studied these three time series and built

STS models as



and

O. 425w1, t-2 + al, twl, t = 0. 608w1, t-1

w2, t 0.727w2,t-1 0. 427w2, t-2 + a2,
t

- 0. 169w3,t-2 + a3,tw3,t = 0.490w3,t-1
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(7.4. 13)

(7. 4. 14)

(7. 4. 15)

SER 12, SER 13, and SER14 series are part of the equations in

the financial block of the Federal Reserve Board-MIT-Penn (FMP)

model of the United States economy. The equations which are

directly related to these three series are

where

w3,
t

= 1. 1225 + 0.337w2,t

18

c.w
1 2, t-i

i=l

(7. 4. 16)

w = O. 5775 + O. 7234w + 0.3178w O. 2469D2,t 1,t -1 ucd

(7.4.17)

c
1

= -0. 024 c
7

= 0. 064 c13 = 0. 023

c2 = 0.015 c8 = 0.059 c14 = 0.018

c3 = 0.041 c9 = O. 052 c15 = O. 015

c4 = 0.057 c10 = 0.044 c16 = 0.012

c
5

= O. 065 c11 = O. 036 c17 = 0. 009

c6 = O. 067 c12 = 0. 029 c18 = 0. 005,

Ducd is a dummy variable and equals 1 after the year 1962.
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The complete FMP model is too lengthy to be described in this thesis,

but can be found in De Leeuw and Gramlich (1964).

The mean square errors of STS and/or weighted mean square

errors of the MTS scheme based on Nelson's STS models and the FMP

econometric model, the MTS model without process control pro-

cedures, and the MTS model with process control procedures are

shown in Table 7.2. The results indicate that the composite forecast

of the MTS model without process control procedures has the best

outcomes. The performance of the composite forecasts of the MTS

model with process control procedures is the second best. This

demonstrates the advantage of using MTS analysis.

Table 7.2. Forecasts of SER12D, SER13D, and SER14D.

Model

Nelson's STS
model

FMP model.

MTS model without
process control
procedures

MTS model with
process control
procedures

Mean Square
Errors for Each

Series

Weighted Mean
Square Errors
for MTS Model

Rank of
Performance

MSE(1) = 0.305 3

MSE(2) = 0.190 0. 183
MSE(3) O. 055

MSE(1) = 0.425 4
MSE(2) = 0.240 0. 244
MSE(3) = O. 066

MSE(1) 0.267 1

MSE(2) = 0.038 0. 110
MSE(3) = O. 027

MSE(1) = 0. 287 2

MSE(2) = 0. 145 O. 158
MSE(3) = 0. 043
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VIII. SUMMARY, CONCLUSIONS, AND RECOMMENDATIONS

Summary and Conclusions

The major thesis research objectives have been aimed at

(a) conducting comparative studies of MTS estimation methods,

(b) investigating the effectiveness of composite forecasts in MTS

analysis, (c) examining performances of process control procedures

in MTS forecasting operations, and (d) proposing an overall MTS

estimation model building and forecasting procedure.

The research started with the investigations of general time

series analysis techniques, STS models, and MTS models. The

emphasis was placed on outcomes of forecasting through different

models. Three specific estimation methods, MYWEQ, CDLS, and

MEXPS were employed. Schemes which were most suitable for these

methods include MAR (s, p) and MARMA(s, 1, 1) processes.

Fortunately, these schemes are sufficient to cover many econimic

time series for practical purposes.

Performances of forecasting methods were measured by a

weighted mean squares error criterion which could assign different

weights to individual time series. The results indicated that MEXPS

was the best performer, and was followed by MYWEQ. Outcomes for

CDLS were unexpectedly disappointing. MEXPS required the least

amount of computational efforts while MYWEQ and CDLS were
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relatively equal in the consumption of computer time.

Results from MTS analysis have demonstrated superiorities

over both STS models and econometric models. Of course, this does

not mean that econometric models are to be replaced substantially or

completely. MTS stochastic models have some inherent shortcom-

ings (Naylor, Seaks, and Wichern, 1972) compared to structural type

of models such as econometric models in analyzing economic time

series. STS and MTS schemes are generally void of explanatory

power, and they are not based on economic theories. If these models

should yield poor forecasts, one would be at a complete loss to explain

the reason.

MTS models are quite appealing if one is primarily interested

in forecasting. They could be less desirable if one's goal is to explain

the behavior of an economic system as well as to obtain forecasts.

However, it is not difficult to recognize the particular usefulness of

MTS analysis in forecasting operations of individual firms. No known

relationships among the factors of interest have been or could have

been established for most of these situations. Therefore, MTS analy-

sis would be a good starting point and frequently is blessed with good

results. MTS models have consistently out-performed other fore-

casting means in our limited scale of studies.

The composite forecasting technique is a subjective procedure

which is based on the principle of maximal information usage. Studies
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have clearly demonstrated its outstanding effectiveness in MTS

analysis. About 82% of the data sets (i.e., 18 out of 22) showed an

average of 8.8% to 22.0% improvements on the forecasts. These

findings should further encourage the practice of composite forecasting

techniques.

Process control procedures have been suggested as a means to

reduce computation expenses. An example in Chapter VI illustrates

trade-offs between forecasting errors and computer time expenses.

The example has a 35% increase in the weighted mean squares errors

with 1 /6 to 1 /8 computational efforts comparing to the forecasts

obtained by updating at each time period.

An overall MTS estimation, model building and forecasting

procedure has been proposed in Chapter VII. It is a two-phase

approach consisting of estimation and forecasting phases in addition to

preliminary preparational steps. The procedure incorporates Box and

Jenkins' iterative model building approach, composite forecasting

techniques, and process control concepts. When a fully automatic

computer program is available, this overall approach could be effec-

tively implemented for routine forecasting operations.

All conclusions for the thesis are drawn from the data sets

examined. These conclusions might depend on particular structures

of data sets, and consequently could not be always appropriate in other

different data sets.
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Recommendations for Further Research

Several suggestions for further research are the following.

(a) Investigate appropriate estimation methods designed for

general MARMA(s, p, q) schemes. Wilson's (1973)

algorithm may be a good candidate.

(b) Derive statistical results for seasonal MTS schemes. Most

theoretical matters for multivariate time domain analysis

still need to be clarified.

(c) Perform extensive empirical MTS analysis on time series

data of individual firms. This could be one of the most

promising areas in MTS analysis.

(d) Review numerical analysis considerations for determining

the scaling of data values. This may help eliminate or

reduce the hazard of singular matrices in the process of

parameter estimation as well as improve results of fore-

casting.

(e) Conduct further studies on process control procedures in

MTS forecasting operations. Outcomes of process control

procedures could also be improved if refined detecting

methods for out of control cases are available.

(f) Develop a fully automatic and operational model building

and forecasting program based on the concepts described

in Chapter VII.
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APPENDIX I: Multiple Time Series Simulation Studies

The relationship between simulated forecasting error series and

Nsomeidentical and independent normal distribution u. = (0, 1) for

s = 2,3,4 are discussed below.

Define

and

al =u1 ,

a
2

= c
1
u

1
+ u

a3 = c2u1 + c3u2 + u3 ,

a4 = c4u + c5u2 + c6u3 + u4

(Al. 1)

where u. 's are identically, independently and normally distributed

with mean zero and variance 1.

al, a2, a3, a
4

are multivariate normally distributed with mean

zero and covariance matrix if coefficients c , c2, , c
1 2 6

is defined as Equation

(Al. 2)

(Al. 3)

satisfy the following conditions. Here,

(3. 4. 1).

(a) s = 2.

(b) s = 3

c
1

= p
12 /(1-p 12)-1/2

c1 = p12 /(1-p12)
-1/2

c
2 2 3

/(c2
+c +1)-1/2 = p13

(c
1

c
2

+c
3
)/((c +1)(c +c +1)) -1/2 = n

1 2 3
p23



and

(c) s = 4

Cl = p12/(1-p12) -1/2

2
c

2
/(c

2
+c 32 +1)

-1/2
= p13

,

(cic2+c 3 )/((c12 +1)(c
2

+c +0)-1/2
3

=
p23

2 2 2
c4/(c4+c5+c6+1)

-1/2
= p14

(c c +c
1 4 57 1 7 4 c5 c6 7 P24

2 2 2
(c

2
c4+c

3
c

5
+c

6
)/((c +c

3

2 +1)(c
4

+c
5

2
+c

6
+1)) -1/2 = p34

4
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(A1. 4)

Of course, p..'s are assumed to be known in the above equations.
ii
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APPENDIX II: List of Data Sets Used in the Thesis

(A) STS Data Sets

Code Description Sampling Period Forecasting Period

SER01 gross national product ($b) 1947-01 to 1966-04 1967-01 to 1969-01

SER02 consumer's expenditure on nondurable
goods ($b)

SER03 consumer's expenditure on durable
goods ($b)

SERO4 total gross private dmestic
investment ($b)

SER05 expenditures on producer's durable ($b) ti

SER06 expenditures on producer's structure ($b)

SER08 housing expenditure ($b)

SER09 unemployment rate (%) 1948-01 to 1966-04

SER11 consumer goods price index on all 1947-01 to 1966-04
items (1967 = 100)

SER12 yields on U.S. treasury bills (%)

SER13 yields on commercial papers (%)

SER14 yields on corporate bonds (%)

SER17 disposable personal income ($b)

SER18 Federal Reserve discounted rate (%) 1948-01 to 1966-04

SER19 net free reserve as °A of total required 1947-01 to 1966-04
reserve

SER25 wholesale price index-farm products
(1967 = 100)

SER26 wholesale price index-foods and feeds
processed (1967 = 100)

SCGKO1 Financial Time index 1952-03 to 1963-04 1964-01 to 1967-04

SCGKO2 Financial Times commodity index

SCGKO3 U.K. production of cars
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(B) MTS Data Sets (D after the first two digits of STS code indicating the first order difference and
2D for the second order difference of the original series. )

No. Individual STS Series No. Individual STS Series

1 SCGKO1D, SCGKO2D, SCGKO3D 12 SER12D, SER13D

2 SCGKO1D, SCGKO2D 13 SER12D, SER14D

3 SCGKO1D, SCGKO3D 14 SER13D, SER14D

4 SERO2D, SERO3D, SER11D 15 SERO3D, SERO5D, SERO6D

5 SERO2D, SERO3D 16 SERO5D, SERO6D

6 SERO3D, SER11D 17 SERO1D, SERO5D, SERO6D

7 SERO2D, SER11D 18 SERO8D, SERO9D

8 SERO2D, SERO3D, SER17D 19 SER012D, SERO4D, SERO9D

9 SERO2D, SER172D 20 SER13D, SER18D, SER19D

10 SERO3D, SER17D 21 SER25D, SER26D

11 SER12D, SER13D, SER14D 22 SER18D, SER19D

C) List of Time Series

SER01

223.6
258.5
318.0
364.2
386.2
436. 9
474. 0
503.6
577. 4
662.8
714. 4
906.4

SER02

87.3
96.0

107.6
117.2
120.8
132.9
144. 4
154. 1
167. 1
184. 4
213. 1

241.5

227. 6
255. 2
325.8
367.5
394.4
439. 9
486. 9
514. 9
584. 2
675.7
784.5
921.8

89. 7
95. 0

107.0
117. 2
122. 6
134. 3
145. 7
154. 7
168.0
189.7
214. 2
246. 4

231.8
257. 1
332.8
365.8
402.5
446. 3
484.0
524. 2
594. 7
691. 1
800.9
940.2

91.6
93.2

109.0
116.5
123.7
137.7
147.3
156.1
169.9
192.4
215.5
249.4

242. 1
255.0
336. 9
360.8
408.8
441.5
490.5
537.7
605. 8
710.0
815. 9
948.0

93. 2
94.0

111. 4
116. 3
126. 1
137.4
149. 1

158.7
169.6
197.8
217. 1
253. 1

248.0
266. 0
339.5
360.7
410.6
434. 7
503.0
547.8
617. 7
729.5
834.0
956.0

94.7
94.6

110.8
117.4
127. 6
137.8
149.4
160.2
174.6
202. 6
225. 0
259. 4

255.6
275.4
339. 1
360.4
416. 2
438. 3
504. 7
557.2
628.0
743.3
857. 4
968,5

96. 6
96. 2

113.0
117.4
128.5
139.3
152. 0
161. 6
175. 9
206. 4
227.8
262. 9

262.5
293. 1
345. 6
364. 7
420.6
451.4
504. 2
564.4
638. 9
755. 9
875. 2
983.5

96.7
100.8
115.1
118.4
129.8
141.2
151.3
163.2
181.3
209.6
233.6
265.5

263.9
304.5
357. 7
373. 4
429.5
464. 4
503.3
572.0
645. 1
770. 7
890. 2
988.4

96. 9
100.8
117.0
119.8
131. 2
142. 3
152.5
165. 3
182. 9
209. 1
236. 9
270. 9
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SER03

19.3
27.4
33.5
38.5
42.8
48.5
65.4
80. 4

19.9
27.9
33.5
38.6
45.0
48.5
64.4
82.4

20.4 21.9
35.3 31.4
33.4 32.6
38. 4 40.2
45.8 43.6
50. 1 51. 1
66.5 68.9
86. 3 87.0

21.9
33.6
32.0
41.4
45.9
52. 4
71.2
89.5

22.3
28.6
32.5
40.9
46.1
53. 2
68.5
90.6

23.4
28.1
32.5
40.6
45.3
54.5
71.3
89.4

23.1
28.3
34.2
40.2
43.8
55. 6
71.9
90.3

22.5 24.4 25.3 26.3
28.8 29.1 27.5 32.0
37.4 39.6 41.4 40.1
37. 9 36.8 37. 7 39. 1

41.9 43.4 44.8 46.6
57. 9 59.6 60. 7 58.7
69.8 73.6 73.7 75.3
88.6 90.7 90.4 84.9

SER04

32.8 31.6 31.7 39.8 43.4 46.4 48. 1 46.3 39.6 33. 1 36. 2 33.8
44.0 50.8 55.8 65.8 61.0 64. 1 58.8 53. 4 54. 2 47.4 40.9 55. 1

54.2 55.4 53.2 46.5 48.7 49.7 51.9 56.6 62. 3 66. 9 69.0 71.3
69.9 69.4 70.3 70.4 68.5 68.5 70.4 64.0 57.3 55.7 61.4 68.8
72. 1 80.4 72. 2 77.2 82.5 76.0 73.5 67.6 64. 3 70.2 74. 2 77. 9

80.6 82.8 84. 3 84.7 82.7 85. 1 88.0 92.9 90.8 93.4 94. 2 97.9
105.3 105.3 108.7 113.2 117.5 122.4 119.6 126.2
114.0 110.7 118.6 123.0 120.0 127.0 126.2 130.7
134.3 137.0 141.8 138.0 131.2 134. 1 138.6 137. 3

SER05

15.5 15.7 15.6 16.7 18.0 17.4 17. 9 18.8 17.6 17.0 16. 1 15.7
15.9 17.9 20.3 20.4 20.2 20.5 20.9 20.9 21.1 21.4 18.2 20.1
21.4 21.3 21.9 21.3 20.4 20.4 20.7 20.7 20.9 23.0 24.9 26.5
25.6 26.1 27.0 27.2 28. 1 28.0 29.1 28.3 25.7 24.5 24.4 25.5
27.0 28.7 29. 1 29.0 29.6 31. 2 30.6 29.8 27, 6 27. 7 29.0 30.3
31.0 32.1 33.5 33.2 33.2 33.8 35.5 36.8 37. 9 39.0 41.0 41.6
48.7 44.4 46.6 48. 3 50.2 52. 1 54.0 56.0 53. 9 55.6 55.4 56.2
57. 9 57.3 58.8 60. 1 61.8 63.6 64. 7 66.2 64. 7 65.6 67.5 63. 7

SER06

7.3 7. 3 7. 6 7.7 8. 1 8.7 9. 2 9.4 9.0 8.7 8.2 8.0
8.4 8.8 9.5 10.3 10.7 11.4 11.5 11.1 11.2 11.3 11.4 11.8

12. 2 12.6 12.8 13.0 13. 1 13.0 13. 1 13. 1 13.5 14.0 14.6 15. 2

16.5 17.0 17. 7 17.8 17.8 18. 1 18. 1 17.9 17. 3 16.7 16. 1 16.2
16.0 16.6 17. 1 17.0 18.2 17.9 17.8 18.6 18.4 18.3 18.4 18.4
18.5 19.2 19. 7 19.5 18.8 19.7 19.4 19.9 20.4 21. 1 21.4 21.8
23. 4 25. 1 25. 8 27.8 28.6 28. 2 29.0 28. 2 29.0 27. 3 27. 9 28.0
30.5 29. 6 30.0 31. 2 33. 1 33.0 36.0 36.0 36. 1 36.6 37. 3 37. 1

SER08

9.5 9.5 11.3 13.9 14.0 15.0 14.9 13.8 13.0 12.8 13.6 15.3
17.2 19. 3 21. 1 20.0 19.5 17. 1 16.0 16.3 16.7 17. 1 17. 1 17.8
18.2 18.3 17.8 17.6 17.8 18.9 20.3 21.6 23.3 23.9 23.5 22.5
21.8 22.0 21.5 21.1 20.5 20.1 20.0 20.0 19.7 19.5 20.8 23.0
25.3 26.1 25.6 24.8 24.7 23.1 22.0 21.6 21.7 22.1 22.9 23.8
24.4 25.4 26.0 25.6 26. 1 26.8 27..1 28..0 27.6 27. 1 27.0 26.8
27.4 27.0 27.2 27.4 27.4 26.0 24.7 22.1 21.6 23.3 26.6 28.8
28.8 30.5 29.7 31.4 32.7 33.6 30.7 30.1 30.0 29.9 28.7 32.8
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SER09

3.7 3.7 3.8 3.8 4.7 5.9 6.7 7.0 6.4 5.6 4.6 4.2
3.5 3.1 3.2 3.4 3.1 3.0 3.2 2.8 2.7 2.6 2.7 3.7
5.3 5.8 6.0 5.3 4.7 4.4 4.1 4.2 4.0 4.2 4.1 4.1

3.9 4.1 4.2 4.9 6.3 7.4 7.3 6.4 5.8 5.1 5.3 5.6
5.1 5.2 5.5 6.3 6.8 7.0 6.8 6.2 5.6 5.5 5.6 5.5

5.8 5.7 5.5 5.6 5.4 5.2 5.0 5.0 4.9 4.7 4.4 4.1

3.9 3.8 3.8 3.7 3.8 3.8 3.8 3.9 3.7 3.6 3.5 3.4
3.4 3.4 3.6 3.6 4.2 4.8 5.2 5.9

SER11

64.8 65.7 67.6 69.5 70.5 71.7 73.3 72.6

71.5 71.5 71.2 71.0 70.5 71.0 72.7 74.1

76.8 77.6 77.9 79.0 79.0 79.2 80.0 80.1

79.6 79.9 80.6 80.7 80.6 80.5 80.6 80.2
80.1 80.1 80.4 80.5 80.3 80.9 82.0 82.6
83.1 83.9 84.8 85.1 86.0 86.6 86.7 86.7
86.7 87.0 87.5 88.0 88.0 88.6 88.7 89.3
89.3 89.3 89.8 89.9 90.1 90.5 90.9 91.1

91.2 91.4 92.1 92.3 92.6 92.8 93.1 93.5

93.6 94.3 94.7 95.1 95.9 96.9 97.8 98.5

98.7 99.4 100.5 101.3 102.4 103.5 104.8 106.1

107.3 109.1 110.7 112.2 113.9 115.7 117.0 118.6

SER12

0.376 0.376 0.724 0.903 0.987 0.998 1.039 1.137

1.161 1.156 1.021 1.069 1.118 1.166 1.233 1.353

1.400 1.532 1.628 1.649 1.640 1.678 1.829 1.924

2.047 2.203 2.022 1.486 1.084 0.814 0.870 1.036

1.256 1.514 1.861 2.349 2.379 2.597 2.597 3.064
3.172 3.157 3.382 3.343 1.838 1.018 1.711 2.788

2.800 3.019 3.533 4.299 3.943 3.092 2.390 2.361

2.377 2.325 2.325 2.475 2.739 2.716 2.858 2.803
2.909 2.941 3.281 3.499 3.538 3.481 3.504 3.685

3.900 3.879 3.860 4.159 4.631 4.597 5.048 5.246
4.534 3.657 4.345 4.787 5.065 5.510 5.226 5.581

6.138 6.240 7.047 7.318 7.263 6.752 6.375 5.358

SER12D

0.000 0.348 0.179 0.084 0.011 0.041 0.098 0.024

-0.005 -0.135 0.048 0.049 0.048 0.067 0.120 0.047

0.132 0.096 0.021 -0.009 0.038 0.151 0.095 0.123

0.156 -0.181 -0.536 -0.402 -0.270 0.056 0.166 0.220

0.258 0.347 0.488 0.030 0.218 0.000 0.467 0.108

-0.015 0.225 -0.039 -1.505 -0.820 0.693 1.077 0.012

0.219 0.514 0.766 -0.356 -0.851 -0.702 -0.029 0.016

-0.052 0.000 0.150 0.264 -0.023 0.142 -0.055 0.106

0.032 0.340 0.218 0.039 -0.057 0.023 0.181 0.215

-0.021 -0.019 0.299 0.472 -0.034 0.451 0.198 -0.712
-0.877 0.688 0.442 0.278 0.445 -0.284 0.355 0.557

0.102 0.807 0.271 -0.055 -0.511 -0.377 -1.017
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SER13

1.00 1.00 1.02 1.10 1.36 1.38 1.46 1.56

1.56 1.56 1.46 1.38 1.31 1.31 1.61 1.62

1.95 2.19 2.25 2.26 2.38 2.32 2.31 2.31

2.33 2.62 2.75 2.37 2.04 1.63 1.36 1.31

1.61 1.97 2.33 2.83 3.00 3.23 3.35 3.63

3.63 3.68 3.95 3.99 2.82 1.72 2.13 3.21

3.30 3.60 4.19 4.76 4.69 4.07 3.37 3.27

3.01 2.86 2.90 3.06 3.24 3.20 3.33 3.26

3.31 3.32 3.70 3.91 3.95 3.93 3.91 4.06
4.30 4.38 4.38 4.47 4.97 5.43 5.79 6.00

5.48 4.72 4.98 5.30 5.58 6.08 5.96 5.96

5.45 4.72 4.97 5.30 5.58 6.08 5.96 5.96

SER 13D

0.00 0.02 0.08 0.26 0.02 0.08 0.10 0.00

0.00 -0.10 -0.08 -0.07 0.00 0.30 0.01 0.33

0.24 0.06 0.01 0.12 -0.06 -0.01 0.00 0.02

0.29 0.13 -0.38 -0.33 -0.41 -0.27 -0.05 0.30

0.36 0.36 0.50 0.17 0.23 0.12 0.28 0.00

0.05 0.27 0.04 -1.17 -1.10 0.41 1.08 0.09

0.30 0.59 0.57 -0.07 -0.62 -0.70 -0.10 -0.26
-0.15 0.04 0.16 0.18 -0.04 0.13 -0.07 0.05

0.01 0.38 0.21 0.04 -0.02 -0.02 0.15 0.24

0.08 0.00 0.09 0.50 0.46 0.36 0.21 -0.52
-0.76 0.26 0.32 0.28 0.50 -0.12 0.00 -0.51
-0.73 0.25 0.33 0.28 0.50 -0.12 0.00

SER14

2.56 2.54 2.57 2.78 2.85 2.77 2.83 2.67
2.71 2.71 2.63 2.60 2.58 2.61 2.63 2.67

2.70 2.90 2.89 2.95 2.96 2.93 2.95 2.99

3.07 3.32 3.27 3.13 2.96 2.88 2.88 2.89
2.98 3.03 3.10 3.12 3.10 3.26 3.42 3.68

3.70 3.77 4.07 4.00 3.61 3.58 3.87 4.09
4.13 4.35 4.47 4.57 4.55 4.45 4.31 4.32

4.27 4.28 4.44 4.41 4.41 4.30 4.34 4.26

4.20 4.22 4.29 4.33 4.37 4.41 4.41 4.43

4.42 4.44 4.50 4.61 4.81 5.00 5.32 5.38

5.12 S.26 5.62 6.03 6.13 6.25 6.08 6.24

6.70 6.89 7.06 7.47 7.89 7.81 8.22 7.91
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SER14D

-0.02 0.03 0.21 0.07 -0.08 0.06 -0.16 0.04
0.00 0.08 -0.03 -0.02 0.03 0.02 0.04 0.03
0.20 -0.01 0.06 0.01 -0.03 0.02 0.04 0.08
0.25 -0.05 -0.14 -0.17 -0.08 0.00 0.01 0.09
0.05 0.07 0.02 -0.02 0. 16 0.16 0. 26 0.02
0.07 0. 30 -0.07 -0. 39 -0.03 0. 29 0. 22 0.04
0.22 0.12 0.10 -0.02 -0.10 -0.14 0.01 -0.05
0.01 0.16 -0.03 0.00 -0.11 0.04 -0.08 -0.06
0.02 0.07 0.04 0.04 0.04 0.00 0.02 -0.01
0.02 0.06 0.11 0.20 0.19 0.32 0.06 -0.26
0. 14 0.36 0.41 0.10 0. 12 -0.17 0. 16 0.46
0.19 0.17 0.41 0.42 -0.08 0.41 -0.31

SER17

167.1 165.1 172.4 174.9 180.3 189. 8 194.4 194.2

189.0 188.3 187.9 189.4 202.2 201.5 209.0 214.7
220.8 226.0 227.9 231. 2 231.7 234.4 240.9 245.8

249. 2 253. 4 253. 8 254.0 255. 3 254. 7 257. 3 262. 4

266. 2 272. 6 278. 9 283. 2 286. 4 290. 7 294. 6 300. 8

303.8 307.4 311.6 311.7 312.2 314.5 321.8 326.7
331.2 337.9 337. 9 342. 1 346.6 350.4 352. 1 351. 7

354.8 360.6 366.9 374.7 378.9 384.0 386.9 390.8

396.6 400.7 406.9 414.1 423.9 435.8 443.1 449.6
455.9 464.7 480.8 491.6 499.9 506.0 515.9 525.6
533.4 541.3 550.7 559.9 575.0 588.3 595.2 605.5

613.2 625.9 643.2 654.5 667.6 68S.7 696.2 701.5

SER18

1.00 1.00 1.00 1.00 1.25 1.25 1.42 1. 50 1. 50 1. 50 1. 50 1.50

1.50 1.50 1.67 1.75 1.75 1.75 1.75 1.75 1.75 1.75 1.75 1.75

2.00 2.00 2.00 2.00 1.83 1.50 1.50 1.50 1.50 1.75 2.00 2.42

2.50 2.75 2.92 3.00 3.00 3.00 3.33 3.17 2.58 1.75 1.83 2.33

2.67 3.67 3.67 4.00 4.00 3.83 3.17 3.00 3.00 3.00 3.00 3.00
3.00 3.00 3.50 3.50 3.50 3.50 3.50 3.83 4.00 4.00 4.00 4.13
4.50 4.50 4.50 4.50 4.50 4.00 4.00 4.33 4.67 5.50 5.33 5.33
5.50 6.00 6.00 6.00 6.00 6.00 6.00 5.75

SER19

4.22 4.24 4.36 4. 16 3.99 4.00 4.15 3.41

3.07 3.38 5.11 4.48 4.46 3.99 3.61 4.43
2.47 2.58 2.34 2.09 2.69 7.99 -1.26 -3.44

-3.12 -1.03 1.04 1.42 2.87 3.25 3.93 3.05

1.35 0.85 -0.68 -1.93 -1, 64 -2.19 -1.23 -0.67
-0.58 -2.55 -2. 33 -1.35 1.65 2.76 1.84 0. 13

-0.44 -1.95 -2.84 -2.35 -1.75 -0.36 1.41 3.10
2.98 2.74 2.80 2.32 2.32 2.14 2.09 1.95

1.60 1.19 0.64 0.55 0.60 0.61 0.49 0.38
0.10 0.72 0.70 0.35 0.59 1.44 1.63 1.17
0.31 1.07 1.18 0.73 -0.17 -1.42 -0.71 -0.91
2. 18 -3. 70 -3.54 -3. 37 -2.88 -2.65 -2. 66 -0.65
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SER25

104.7 106.1 109.6 117.3 118.4 119.6 120.1 111.8

103.8 102.7 101.1 98.7 99.2 102.4 111.2 114. 2

126.7 126.7 121.0 122.2 119.0 118.2 119.3 112.3

108.5 106.0 106.7 103.4 107.3 106.6 104.2 100.8

101.3 101.2 97.4 92.7 93.7 98.6 98.3 96.8
97.4 98.9 101.0 100.7 105.9 106.5 102.6 100.4

99.8 99.6 96.5 94.1 96.3 98.8 96.0 97.8

98.4 95.1 96.0 95.8 98.5 96.4 98.5 98.7
97.1 95.2 96.5 95.2 95.6 94.1 94.8 93.8
94.6 99.1 99.8 101.2 106.5 105.3 108.5 103.2

101.4 100.5 100.3 97.8 101.1 103.1 103.0 102. 9

105.8 109.4 109.6 110.5 113.8 111.5 111.3 107. 3

SER26

80.5 79.8 83.3 87.9 89.3 89.7 90.2 85.7
81.3 80.3 81.1 79.5 79.2 80.8 87.0 86.9
92.8 92. 9 92.2 93.0 92.4 91.4 92.6 90. 1

88.1 86.6 87.8 87.1 88.9 90.2 89.5 87.1
86.5 85.7 85.1 82.8 82.5 8.52 85.6 86.0
86.7 87.0 88.2 87.6 90.6 93. 2 92.4 90.9
90.5 90.1 88.9 88.0 88.8 89.3 89.7 90.3
91.8 90.5 90.4 90.9 92.1 90.7 92.5 92.3
91.8 92.0 92.7 93.2 92.8 91.3 92.9 93.2
93.1 94.5 96.8 97.8 100.5 100.1 103.0 101.3

100.0 99.5 100.9 99.7 101.1 101.9 103.3 102.6

104.0 106.9 108.9 109.2 112.0 111.5 113.1 114.5

SCGKO1

112.7 115.0 121.4 118.4 122.7 128.8 135.7 148.5

165.4 178.5 187.3 195.9 205.2 191.5 183.0 184.5

181.1 173.7 185.4 201.8 198.0 168.0 161.6 170.2

184.5 211.0 218.3 231.7 247.4 301.9 323.8 314.1
321.0 312.9 323.7 249.3 310.4 295.8 301.2 285.8
271.7 283.6 295.7 309.3 295. 7 342.0 335. 1 344.4
360.9 346.5 340.6 340.3 323. 3 345.6 349. 3 359.7
320.0 299.9 318.5 343.1 360.8 397.8

SCGKO2

96. 21 93. 74 91. 37 86. 31 84. 98 86. 46 90.04 94. 74

92.43 92.41 91. 65 89.38 91.05 89.89 90. 16 86.78

88.45 90.69 86.03 84.85 84.07 81.96 80.03 79.80
80.19 80.13 80.42 82.67 82.78 82.61 82.47 81.86
79.70 77.89 77.61 78.90 79.72 78.08 77.54 76.99
76.25 78.13 80.38 81.78 82.81 84.99 86.31 85.95
90.73 92.42 87.18 85.20 85.44 87.85 89.95 90.20
88.89 83.25 81.21 79.70 78.70 81.50
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SCGKO3

105761 121874 126260 145248 160370 163648 178195 187198

195916 199253 227616 215363 231728 231767 211211 185200

152404 156163 151567 213683 244543 253111 266580 253543

261675 249407 246248 293062 285809 366265 374241 375764
354411 249527 206165 258410 279343 264824 312983 300932
323424 312780 363336 378275 414457 459158 460397 462279

434255 475890 439365 431666 399160 449564 437555 426616
399254 334587 367997 393808 375968 381692
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AR(p) autoregressive scheme of order p.
ARMA(p, q) mixed autoregressive-moving average scheme of

order p and q.
MA(q) moving average scheme of order q.
MTS multiple time series.
STS single time series.

SAR(p) single autoregressive scheme of order p.
SARMA(p, q) single mixed autoregressive-moving average

scheme of order p and q.
SMA(q) single moving average scheme of order q.

MAR(s, p)
MARMA(s, p, q)

MMA(s, q)

multiple autoregressive scheme of order p.
multiple mixed autoregressive-moving average
scheme of order p and q.
multiple moving average scheme of order q.

CDLS Chitturi's discounted least squares.
CF1 composite forecast alternative 1.
CF2 composite forecast alternative 2.
CF3 composite forecast alternative 3.
CF4 composite forecast alternative 4.
MEXPS multivariate exponential smoothing.
MYWEQ Yule-Walker equations.


