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ABSTRACT 

Causal (econometric) models are often employed as instruments for for-

casting in short-term planning within organizations. The aim of this 

work is to contribute to an understanding of the short-term aspects 

of causal model building. The interest focuses mainly on the adjustment 

problem (as one of a number of data problems) and the problem of auto-

correlated disturbances. The general considerations for and against trend 

and seasonal adjustment in a short-term context are discussed. Furthermore 

different principles for chosing an appropriate adjustment technique are 

considered. Imperfections in data and operations performed on the origi

nal data, e.g. different adjustments, are some of the causes of auto-

correlated disturbances. A multivariate ARMA-process is proposed as one 

means of taking account of the autocorrelation. An estimation procedure 

is suggested for recursive systems, the consistency of the estimator is 

proved and the procedure is applied to an empirical situation: a model 

for the pulp and paper industry in the United States. Different specifi

cations of the disturbances are compared in the application with regard 

to fit in observation period and forecasting. Although the model with a 

multivariate ARMA-specification in disturbances gives a better fit than 

its alternatives it does not provide better forecasts in a period sub

sequent to the observation period. 
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1. 

1. SHORT-TERM MODELS IN THE PLANNING SITUATION 

1. 1 Planning, forecasting and model building. 

The consequences of inappropriate decisions tend to have increasingly 

serious effects on socio-economic organizations. For instance, the 

greater degree of specialization and the increasing size of invest

ments make a company more sensitive to actions performed in its 

environment. Consequently, the bases for decisions, e.g. forecasts, 

are required to provide more specialized information in order that 
*) 

efficient planning be maintained. 

The planning - or decision - process is characterized by the following 

steps (see Zackrisson, 1977). 

(i) Analysis of the present situation and the historical development. 

(ii) Forecasting. 

(iii) Assessment of goals. 

(iv) Development of alternative plans and control instruments. 

(v) Choice of plan. 

(vi) Implementation of the plan. 

(vii) Control and regulation of the plan in practise. 

A forecast is not normative, it is of an explanatory nature, i.e. it 

gives the answer to the question: "What is likely to happen under 

certain conditions?11 

Forecasting is an important factor in the planning process: "Fore

casting is not merely prediction; in the full-scale normative planning 

process ... it has to be regarded as an integral part of planning, as 

its 'inventive core'11 (Jantsch, 1973, p. 1356). 

According to Theil (1966, p. 1) a forecast is a statement about the 

future and hence, in Theil1s opinion, all statements about the future 

are forecasts. There are, however, obvious reasons for introducing 

restrictions regarding this class of statements. In Stenlund (1975, 

p. 33) four criteria are imposed which a statement about the future 

should fulfil in order to be termed 'a forecast1. 

Forecasts can be classified according to their role in the planning 

situation (see Bergström, 1969) into 

(i) active and 

(ii) inactive forecasts. 

*) A plan is a normative guideline for appropriate actions based on 
available information; i.e. what actions should be performed to 
attain given goals? 
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An active forecast can be used to influence the outcomes of the 

variables which are to be forecasted. By appropriate actions, an 

organization is, to a greater or lesser extent, able to have in

fluence on the outcomes and thereby control its own activities. 

It is, in such situations, not unusual to have difficulty in sepa

rating forecasting and planning. One example of this situation is 

a company planning for the sales of a product which is sensitive 

to price fluctuations on a certain market. In forecasting the effect 

of various prices levels on sales, the ultimate choice of price 

level may be such that, subsequently, the sales forecast agrees 

closely with the real outcome. 

An inactive forecast is such that the forecast variables are not 

influenced by the organization. In this situation, the organization 

aims at efficient adaption according to the forecasts. If, in the 

example above, the product is not sensitive to price fluctuations 

and is an export product the interest would focus on the market 

situation in the importing country. The organization is then, not 

usually in a position to have exert any effect on the factors which 

determine the demand for the product. As another example, consider 

the situation in ch. 5. 

The purpose of forecasting is to restict the number of future events, 

a process which simplifies the current planning situation. The plan

ning process, if efficiently implemented, contains a large amount 

of information. This information may be difficult to grasp if it 

is not systematized. 

The purpose of building models in a forecast context is twofold: 

(i) It is a way of assembling and utilizing information systematic 

cally. 

(ii) It is a way of making the forecast unequivocal, i.e. a given mo^ 

del produces identical forecasts for identical conditions (or pre

mises) and hence one element of subjectivity in forecasting is 

eliminated. 

Thus, we can trace a line from plans to forecasts and from forecasts to 

(forecasts) models. A model contains information about what is conside

red important in the planning and forecasting situation. 

A model is used to describe the real world of the system studied and 

the influence of its environment upon it. The model, then, serves as 

a means of getting access to and an understanding of the real world 
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process. Models or "play processes are used to describe or "idealize11 

real world processes" (Teräsvirta and Vartia, 1975, p. 1). The pur

pose of constructing forecast models is, in a simplified form, to 

describe a segment of the real world - and to utilize the descrip

tion to make conditional forecasts. The underlying assumption is., 

in forecasting, that the assumed structure of the real world is 

stable and that the play process is a consistent idealization of the 

real world - not only in the past but also in the future. 

Since there is an apparent relationship between planning, fore

casting and model building, it is natural to regard the time aspects 

of planning, forecasting and model building simultaneously. Although 

intimately involved, there is a distinction between the aspects 

since, in planning and forecasting, the time period lies ahead of 

us while the model is built on historical data. 

First, the time horizon in planning and forecasting must be dis

cussed. Here, horizon means the future time period which a decision 

maker considers relevant in the planning situation. The ultimate 

choice of horizon depends on many factors, e.g. the marginal utility 

of obtaining further future information in time, objectives of the 

organization, the inertia of the organization, delays in data repor

ting etc. 

It is usual to consider three different time horizons with respect 

to planning and forecasting. 

(i) Long range planning and forecasting. 

(ii) Business cycle planning and forecasting. 

(iii) Short-term planning and forecasting. 

For an economic organization, e.g., the long range perspective im

plies that capital is a freely adjustable factor. Thus, long range 

- strategic - planning is frequently concerned with investment deci

sions. Forecasting in this context will be concerned with factors 

influencing the utility of investment decisions. It is natural to 

find different interpretations of the length of a "long range" hori

zon. In this paper "long range" means a period which exceeds the 

length of a business cycle, i.e. approximately more than five years. 

Short-term planning in economic organizations is usually performed 

in connection with budget planning, i.e. at least once a year. Short-

term planning in that context is concerned with adaptive decisions 
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regarding production, prices, transport, stocks etc. In short-term 

forecasting those factors which influence "production, consumption, 

capacity, utilization rates, stocks, prices and trade" (Wohlin, 1971) 

should be considered. 

Business cycle or "medium term" planning is performed more irregu

larly than the other types of planning, since it often coincides 

with budget planning. Forecasting in this context means attempts to 

obtain information about the timing of future business cycle tur

ning points and the strength or weakness in a phase of a cycle. In 

business cycle planning and forecasting an approximate horizon of 

one to five years is considered. 

An organization may be involved in all three kinds of planning 

activities simultaneously. This means that different planning 

horizons are .not independent of each other. Accordingly, long range 

planning should be flexible enough to permit efficient short-term 

planning. As mentioned above, it is often difficult to separate 

business cycle and short-term planning since both may take place 

simultaneously, usually once a year. In this paper, "short-term" 

means a horizon which also covers the business cycle horizon. Thus, 

in short-term planning and forecasting 3 an horizon of less than 

approximately five years is considered here. 

A second aspect of the time horizon is whether the forecasting is 

integrated or separated (fix-periodic). Integrated forecasting 

means "forecasting which provides continuous stimulus and guidance 

to planning", while separated refers to application of "bounce and 

direction at deserete planning steps" (Jantsch, 1967, p. 84). 

Fig. 1.1.1 Separated and integrated forecasting in the planning 

situation. (Jantsch, 1967, p. 84). 

(i) Integrated ». Forecasting 
forecasting 

»» Planning 

\ v ^ 
(n) Separated ^Forecasting 

forecasting • Planning 
/ / / Forecasting Time —• 
/ / / 

The choice between the integrated or separated approach depends on 

whether or not the information contained in the forecast is conside

red relevant for the whole length of the planning period or if new 

information should be supplied successively to the forecasting in 

the current planning situation. 
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Forecast models, being bases for efficient planning and forecasting, 

require a corresponding consideration of the time aspect. Although 

models are built on historical data, there is a clear correspondence 

between the choice of planning (and forecasting) horizon and the 

specification of the model. It is, for instance, natural to rega.rd 

long range planning as based on long-term forecasting, ultimately 

based on a model explaining long-term behaviour. The time aspect in 

model building includes the following three aspects: 

(i) The time which the model is intended to explain. It is 

then necessary to make an explicit statement whether the model 

is intended to explain long-term variation (trend behaviour) 

or short-term variation (cyclical behaviour). The choice of 

time domain is a consequence of the planning horizon. 

(ii) The choice of time-span (or frequency) of observations. This 

specification, which depends on the choice in (i) and also 

the length of forecast horizon, leads to the decision to make 

annual, quarterly, monthly, etc., observations. 

(iii) Choice of length of time series. This assessment is due to (i), 

(ii), the size of the system and availability of data. 

Since the title of the thesis indicates that short-term modelling 

is under consideration, a precise statement concerning the meaning 

of the short-term concept must be provided. By short-term models in 

a socio-economic context here means models 

(i) intended to explain short-term variations; i.e. phenomena 

within the range of a business cycle 

(ii) built on data generated more frequently than anually; weekly 

monthly, quarterly or semi-annual data are considered 

(iii) with observations covering at least the range of one business 

cycle 

(iv) with a forecast horizon not longer than the period of a 

business cycle. 
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1.2 Forecasting techniques. 

The consepts of forecast models and forecast techniques are closely 

related. While a model is developed to bring together relevant his

torical information in a comprehensive form, a forecast technique 

is a procedure by which statements regarding the future are obtained. 

A broad classification of forecasting techniques is presented in, 

Chambers et al. (1971): 

(i) Qualitative techniques, e.g. Delphi technique, Panel consen

sus . 

*) . 
(ii) Time series analysis , e.g. Trend projections, X-11, Exponen

tial smoothing, ARIMA-forecasts. 

(iii) Causal techniques, e.g. Regression analysis, Econometrics, 

Input-output analysis, Leading indicators. 

Qualitative techniques use human judgement and turn it into quanti

tative forecasts. Information is collected in a systematic way to 

produce forecasts primarily concerning technological events. 

Time series analysis is a way of identifying and explaining trends, 

seasonals and business cycles. Forecasting with time series models 

is made under the assumption of a stable data generation process 

for the variable which is to be forecast. Under this assumption, 

the pattern of historical observations is extracted and projected 

into the future. 

Causal techniques are based on mathematical expressions of causal 

relationships between variables. The relevant relationships to be 

studied are determined by at least one of the following concepts: 

a) economic theory, b) the empirical situation and c) the theory of 

statistical inference. The concept of conditional forecasting is 

essential in this context: Since the premise in the forecast situation 

is that the structure of the real world is stable, the forecast is 

conditioned by the structure and the play process as a consistent 

idealization of the real world. The determinants, or exogenous 

variables influencing the system studied, must themselves be forecast 

or predicted. One way of giving forecasts on the exogenous variables 

is by using time series models. Thus, the alternative techniques 

should not be interpreted as competetive but rather as complementary. 

As is evident in the discussion above, the choice of forecasting 

technique is in itself a decision problem - within the frame of the 

*) A time series, is a set of observations generated sequentially 
in time (Box & Jenkins, 1971, sec. 2.1). 
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planning process. It would seem desirable to classify the techniques 

according to a two-way table with the time horizon on one axis and 

available information on the other. The relative merits of one tech

nique against another are however not fully explored. 

A debate about the merits of the alternative techniques started 

when the ARIMA-models associated with Box and Jenkins (1971) were 

successful in many forecast applications. In Chambers et al. (1971) 

it is indicated, according to their definition of horizon, that 

- in a short-term forecast context, time series models, such as 

ARIMA, have proved successful but fail to give accurate fore

casts in a long range perspective. 

- in the medium term horizon (business cycle), causal techniques 

have been fairly accurate in forecasting business cycles but 

have not - yet - improved the forecast precision of the time 

series models in the short-term perspective. 

Much attention has been paid to a comparison of the two appraches. 

Since ARIMA-models are considered to be a "general" time series 

approach and there are a number of large econometric systems which 

are intended to explain short-term variations, the forecast abili

ties of these two approaches have been more or less extensively 

studied. In Nelson (1973) Ch. 8, the FMP quarterly model and set 

of ARIMA models for the endogenous variables in the FMP-model have 

been compared with reference to ex post forecasting.i.e. by inser

ting known values on the exogenous variables in the forecast period. 

The general conclusion in Nelson (1973) is that, although the causal 

system produced a better fit in the observation period, its one-

step-ahead forecast precision showed no improvement compared to 

ARIMA-models. Other comparisons have been made in Leuthold et al. 

(1970) and Box & Newbold (1971). 

Although the conclusions rcached in the papers mentioned above are 

appealing, some comments on them must be made. The period covered 

by the investigations is the 1960Ts, a period characterized by 

smooth development. In such periods ARIMA models should produce 

fairly accurate one-step-ahead forecasts. If a corresponding com

parison was performed after 1973, which is a period or more unstable 

development, the conclusions in Nelson (1973) would probably not 

be valid. Since a trend shift, in e.g. GDP, occurred in 1974-75 

*) Federal Reserve Board - MIT - Penn model; Modigliani et al. (1971) 
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it is not probable to find accurate ARIMA-forecasts in this period. 

If, on the other hand, the causal structure in the FMP-model was 

stable, the forecasts would have been fairly accurate even in a 

period of great economic fluctuation, A second critisism is that the 

comparison is performed on the basis of one-step-ahead forecasts. 

Since the model is to be used in an economic context, it must be 

asked whether forecasts one quarter (or one month) ahead are of 

any interest. In economic planning, the horizon is usually at least 

one year and considering delays in data reports, an approximate 

forecast horizon would be six quarters ahead. The comparison would 

be improved by taking this into consideration, i.e. by comparing 

the effects of different numbers of steps ahead in the forecasts. 

In working with short-term models, which will ultimately be used 

in forecasting, the choice lies between causal and time series 

models. In this context, the approaches have been regarded as 

complementary; primarily the principle of causality is adopted, 

because of its ability to explain variability in one variable as 

caused by variation in another; secondarily the time series approach 

is used to improve the causal model in a complementary way. The 

combination of causal and time series models results in multivariate 

transfer function models - presented in sec. 2.2. Furthermore, in 

forecasting, exogenous factors must be forecast. One way of doing 

so is by time series techniques, e.g. by multivariate ARIMA-models 

(Jenkins, 1976, sec. 2.2 and 5.4). 

1.3 The theme of the thesis. 

The thesis is diveded into two parts, general model building con

siderations in applications of short-term models (Ch. 1-4) and a 
• \ 

short-term application (Ch. 5). Many practical and theoretical 

problems are met in working with an empirical short-term model. 

The first is the data problem: What data is desired? Is the desired 

data available and is it of an acceptable quality? Since the quality 

of the model is not better than the quality of input data, this 

issue is important although often neglected in statistical and eco

nomic literature. These problems are discussed in ch. 3. 

*) The application gives rise to the research presented in ch. 2.4. 
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A second problem of general character is that, in a short-term context, 

there are reasons to expect serial correlation in residuals. The 

empirical situation and the results of sec. 3.3 and 3.4 confirme 

that an appropriate short-term model would include a general speci

fication of the disturbances. In specifying the nature of the processes 

of the disturbances, various multivariate analogues of the single-

equation ARMA-process (Box & Jenkins, 1971, ch. 3) are proposed. In 
*) . . **) 

looking for a flexible and parsimonious model of the disturbances, 

it is found that multivariate ARMA-approaches have only recently been 

used to describe processes of disturbances. These attempts are discussed 

in Ch. 4 and an estimator is developed for recursive models, correspon

ding to the empirical situation in Ch. 5. 

*) By flexible is meant that, in an econometric system, each equation 
is permitted to have its own process in the disturbances. 

**) The concept of 'parsimony' is introduced in Box & Jenkins (1971), 
sec. 1.3. 



2. STRUCTURAL MODELS WITH A GENERAL SPECIFICATION OF THE DISTURBANCES. 

2.1 On the specification of structural models. 

*) 
The building of a structural forecast model is a process including 

the following steps: 

(i) Specification of the model. The territory of the model is 

to be defined according to the planning process described 

in sec. 1.1. Accordingly, the variables of the structural 

model are selected and the functional - mathematical - form 

of the relationships among the variables are formulated. 

(ii) Checking of requirements regarding identifiability and degrees 

of freedom. 

(iii) Estimation of included parameters if the criteria of identi-

fiability and degrees of freedom are fulfilled. 

(iv) Diagnostic checking of model assumptions. 

(v) Evaluation of model properties such as its ex post forecast 

performance and its dynamic properties. 

The process of building a structural model may be represented by the 

following diagram: 

Fig. 2.1.1. The process of building a structural model. 

Estimation 

Model 
specifi
cation 

Checking 
indenti-
fiability 
Degrees of 
freedom 

Diagnostic 
checking 
of model 
assump
tions 

Evaluation 
by simula
tion and 
fore
casting 

The 
problem 
Theories 
Knowledge 
of the 
territory 

*) 
synonymously, the term 'econometric model* or * causal model* could 

be used. The term 'causal models' is used here instead of 'econometric 
models' to indicate that models of this kind can be valid not only in 
economics but in all applications built on relations between different 
sets of data, e.g. between different time series. 



The specification of a structural model is performed on the basis 

of economic theory and the theory of statistical inference. The 

specification includes the following steps: 

(i) Definition of the system boundaries. 

The problem at hand and the purpose of the study indicate 

the territory or the system to be studied. For practical 

reasons, the system must be limited in its extent; geographical 

boundaries, limits on time, number of activities etc. 

The boundaries of the system are usually defined so that 

tb& direction of causality vis-a-vis its environment is 

one way only. (Fig. 2.1.2). 

Fig. 2.1*2. The system studied and its environment. 

The environment of the 

System 

Input Output 
The System 

Signals Signals 

(ii) Operational selection of the system variables and the 

relationships among them. 

Among those variables which are considered to be important 

in (i), there may be some whose observations suffer from lack 

of quality or cannot even be found in publications of statis

tical data. The problems arising when desired data suffers 

from lack of quality (or does not even exist) mean compromises 

between what is desired and what is achievable. This issue is 

discussed in section 3.2. 

(iii) Mathematical formulation. 

The equations of the system are to be specified in terms of 

mathematical equations. This can be achieved in many ways. 

At one extreme, a well documented and generally accepted 

theory exists according to which the mathematical form is 

more or less given.At the other extreme, no theory is con-



sidered relevant for the present situation. In this case the 

search for an appropriate model is an elaborate process 

of trial and error where methods of statistical inference 

attain a predominant role, 

(iv) Consideration of the data problems. 

Are relevant data in (ii) available at the desired definition? 

If so, what should be done with them? The question of whether 

or not to adjust for trends and/or seasonals must be put for

ward, especially in short-term applications. If the argument 

in favour of adjustment is accepted, according to what principle 

should it be performed: On beforehand for each separate time 

series or within the model? These questions are dealt with 

further in Ch. 3. It should, however, be stressed that the 

data problem has implications for (ii) and (iii) above. 

When a model is^proposed,diagnostic checking is performed within each 

step of the model building process (according to (i) - (iii) above). 

In the model buildirïg (fig. 2.1.1) the feed backs indicate that diffe

rent approaches may be compared before a model is considered acceptable. 

The criteria, according to which the ultimate model is determined, are 

dictated by 

(i) the objectives of the investigation; e.g. the ability of the 

model to reflect short-term phenomena in a short-term context, 

(ii) the estimation technique applied; so-called "model assumptions" 

(iii) the desire to obtain a "good fit" for the model equations. 

If, for instance, diagnostic checking indicates that the model assump

tions are not valid, a new mathematical formulation should be assessed. 

The model building process is terminated when the proposed model is 

considered acceptable in the light of the preselected criteria. 



Apart from the data problems, in the specification of a short-term 

model the following issues require special attention: 

(i) Lag structures; In short-term models it is more plausible 

than in long-term models that dynamics will prevail. If all 

system variables were measurable continuously, an ideal 

situation would emerge, i.e. with time as a continuous para

meter. It would, then, be possible to find all time-delays 

between an impulse (from an exogenous variable) and an effect 

(in an endogenous variable). It may then be argued that there 

is a tendency to recursivity in systems when the data are 

obtained more frequently. In the discussion regarding recursive 

vs interdependent systems it is even argued that an inter

dependent system "is an approximation, the hypothetical model 

involving lags that do not correspond to the statistical data 

available" (Wold, 1953, p 216). 

(ii) Serial correlation in disturbances; It is mentioned in econo

metric textbooks that, due to frequent observations, there is 

more likely to an increasing degree, to be serial correlation 

in disturbances: (see e.g. Klein, 1974, Ch.9). In Selen (1975, 

pp 12-13) it is demonstrated that first order serial correla-*-

tion is more pronounced in some well known quarterly models 

than in annual models. Serial correlation in distrubances is 

often regarded as being due to some specification error. One 

of these errors is the mis-specification of a lag-structure. In 

section 4.1 it is demonstrated how serial correlation in dis

turbances and a mis-specified lag-structrue can be related. 

Another kind of mis-specification is simply to make a wrong 

specification of the disturbances themselves. The problem of 

serial correlation in disturbances is more fully discussed in 

Ch. 4. 

In specifying a general short-term causal model in sec. 2.2., lag-

structures as well as error structures are introduced to take care 

of these problems. 



2.2 A general dynamic structural model. 

A linear multiple time series process can be represented as follows 

(Quenouille, 1957, Zellner & Palm, 1974): 

(2.2.1) H(L)z(t) = F(L)u(t), t = 1,2,...,T 

where z'(t) = (z^(t)...Zp(t)) is a vector of random variables, 

u'(t) = (u^(t)...Up(t)) is a vector of random disturbances and H(L) 

and F(L) are each PxP matrices of full rank and with elements being 

finite polynomials in the lag operator L, defined as L̂ z(t) = z(t-j). 

The typical elements of H(L) and F(L) are, respectively, 

s. . r. . 
9 9 

{h..(L)= E h..0L } and {f. .(L) = E f..„L}. 
U JUO 1J|1 1=0 1J|1 

The assumptions regarding u(t) are: 

E(u(t)) = 0 for all t = 1,2,...T 
(2.2.2) t = t 

E(uXt)u (t ) ) =4 t for all t = t' 

0 for all t ^ t1, 

where £ is a positive definite matrix and u(t) is a multivariate 
*) 

stationary process (*a white noise' process). 

The assumption in (2.2.2) does not involve a loss of generality since 

serial correlation may be introduced through the matrix F(L). The 

model (2.2.1) is a multivariate ARMA (autoregressive moving average) 
m 

process. 

Since H(L) is assumed to have full rank, (2.2.1) can be solved for z 

(2.2.3) z(t) = H_1(L)F(L)u(t). 

If the processes are to be invertible, the roots of |h(L)| = 0 have 

to lie outside the unit circle. From this stability condition there 

follows requirements on the model data. If u(t) is a multivariate 

stationary stochastic process and H(L) is invertible, it follows that 

K) 
At least covarlance stationary. 



the output z(t) is a multivariate stationary stochastic process 

(Åström, 1970, Ch. 4). 

The general multiple time series in (2.2.1) may be specialized with 

respect to prior information about H and F. The information is ob- • 

tained by performing step (i), (ii) and (iii) in the model specification 

process (sec 2.1). It is then indicated that some of the variables 

in z(t) are endogenous and the remaining exogenous. Endogenous variables 

are determined within the system while exogenous variables are those 

which have been considered as determined outside the specified system -

or territory. The following notation is introduced: y(t) is a Nxl 

vector of endogenous variables at time t and x(t) is a Mxl vector of 

exogenous variables at time t. To represent the situation, where z(t) 

is partitioned into y(t) and x(t), (2.2.1) is given as follows: 

A(L) j B(L) ~y(t)~ "e(D ; r(L)~ 
1 

a(t) 

_C(L) ! D(L)_ x(t) 
1 

Ç(L) [ cp(L) e(t) 

where A(L) is an NxN positive definite matrix of lag polynomials, 

B(L) is an NxM matrix of lag polynomials, 

C(L) is an MxN matrix of lag polynomials, 

D(L) is an MxM matrix of lag polynomials, 

0(L), r(L), Ç(L), cp(L) defined accordingly, 
a(t) and e(t) being white noise processe® 

The following restrictions are introduced: 

(2.2.5) C(L) E 0 Ç(L) E 0 and T(L) = 0 

The dynamic structural equations (2.2.4) subject to (2.2.5) are 

given by the structural form (SF) or, according to the notation in 

Wall (1976), the polynomial structural form (PSF). 

(2.2.6) A(L)y(t) + B(L)x(t) = 6(L)a(t), 

where the i, j elements of A(L), B(L) and 0(L) respectively are 

given by 



a..(L) = a... + a...L + ... + a.. L 1J . . T 

ij ijO ijl ijs^ ; i,j = 1,...,N 

(aii0 - » 
r. . 

(2.2.7) ß^a) = ßij0 + ßijxL + ... + 3ijr> L 1J; j = 1,...,M 

qii and 0..(L) = 6.+ 6...L + ... + 0.. L ; j = 1,...,N. 
ij ijO ijl ijqi, 

<9iiO » « 

The multivariate process generating the exogenous variables is 

(2.2.8) D(L)x(t) = (p(L)e(t), 

where the i,j elements of D(L) and <p(L), respectively, are given by 

pii 
6ij(L) " 6ij0 + 6ijlL + + 6iiPijL ' 

(6ii0 = 

V. . 

•"i j (L) • "»ijO + ""ijl1- * ••• * "Viv̂ 1- " • 

<">iiO - » 

Identities of the system are supposed to be eliminated here. Thus, 

(2.2.7) is regarded as the system of behavioral equations after 

elimination of identities. In this context one must be aware of the 

identification problem, for if all equations of the system containing 

identities are identified then the equations of the system of be

havioral equations after elimination of identities are not generally 

identified (Hannan & Terrell, 1973, p. 299). 

A more general representation of (2.2.6) than (2.2.7) is the Rational 

Distributed Lag Structural Form (RSF), introduced in Wall (1976). In 

RSF the i:th behavioral equation is: 
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N a..(L) w.. M $..(L) W.. e.(L) 
(2.2.9) y.- (t) * £ L 1Jy (t) + Z L 1Jx.(t) = -i a. (t) , 

j-1 W-.(L) J j=l Y..(L) 2 è.(L) 
jfi J 1J 

where ul^(L), Y^j (L) » 9*(I>)» ^(L) a^e defined analogous to (2.2.7) 

w . .  w . .  
and L ̂  and L 1"' indicate that,'leading indicators' (Box & Jenkins, 

1971, Ch. 11) or 'transport delays' (Caines & Wall, 1975) are introduced 

in the structural equations. Here, the structural form (2.2.6) can 

be used for a compact representation of all equations in (2.2.9). The 

elements of A(L), B(L) and 0(L) are, however, now rationally distri

buted lags, 

[A(L)]. 

[B(L)] 
ij 

1, 

a. .(L) w. . 
ij 

"ija) 

ij 

B..(L) W.. 
IJ 

Y- •(L) ij 

ij 

m, 

all i,j 

and [©(L)]^ 

(L) 

<J>*(L) 

0 

i=J 

Thus, already at this stage, 0(L) is assumed to be diagonal, a 

restriction which will be further discussed in sec. 4.2. 

As pointed out in Wall (1976), the RSF is a general way of representing 

dynamic structural relations, the only restriction being the diagonality 

of 0(L). 



An alternative formulation of (2.2.7) for the PSF is: 

g 
A(L) =An + A1L+...+AL, (s = {max s . . , 

U 1 S 1J 

AQ being positive definite, 

B(L) = Bn + B-. L + ... + B Lr, (r = {max r..}), 
0 1 r ij 

and 0(L) = 0n + 0- L + * * * + 0 L^, (q = {max q..} ). 
0 1 q lj 

Thus, (2.2.6) can be expressed as: 

s r q 
(2.2.10) Any(t) + E AQy(t-l) + E B0x(t~il) = E 0oa(t-#,) 

u £=i * j^o 1=0 

The first left hand term in (2.2.10) includes current endogenous 

variables, while the second comprises lagged endogenous variables. 

Exogenous variables and lagged endogenous constitute the class of 

predetermined variables. 

Among the special cases of the RSF (see Wall, 1976) two will be 

discussed in sec. 4.3: 

(i) Fully recursive systems, i.e. AQ being subdiagonal and 

t diagonal. 

(ii) Recursive systems, i.e. with AQ subdiagonal and £ unrestricted 

positive definite. 

Under the assumption that AQ is of full rank, the reduced form (RF) of 

PSF, expressing the current endogenous variables as functions of the 

predetermined variables, is: 

s  - i  r  _ i  3 - 1  
(2.2.11), y(t) = - E A Apy(t-£) - E AniB?x(t-£) + E A/©» (t-£) . 

1=1 1=1 U £=1 0 

If Aß = 0 . for l,...,s, i.e. the system contains no lagged endo

genous variables, the reduced form is the appropriate form suitable 

for forecasting. If lagged endogeous variables are present in the 

system the final form, (FF), which expresses the current endogenous variables 

as functions of only the exogenous variables, is the appropriate form 
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for forecasting y(t), 

(2.2.12) y(t) = _A_1 (L)B(L)x(t) + A_1(L-) 0(L)a(t). 

If the process is invertitole, i.e. if the roots of |A(L)[ = 0 lie 

outside the unit circle, (2.2.12) is an infinite MA. process on 

x(t) and a(t). Equivalently, (2.2.12) is a set of 'rational distri

buted lag* equations (Jorgenson, 1966) or a system of 'transfer 

functions' (Box & Jenkins, 1971). Furthermore, premultiplying the 

final form equations by |A(L)|,the system can be brought into the 

'separated form' (SeF). 

(2.2.13) |A(L)|y(t) = -A*(L)B(L)x(t) + A*(L)0(L)a(t), 

where |A(L)| is a matrix with the determinant of A(L) on the main 

diagonal and seros everywhere else. A*(L) is the adjoint associated 

with A(L) and defined: 

A*(L) = I A(L)| A_1(L). 

The interpretation of (2.2.13) is, again, a set of transfer functions, 

with the addition that each endogenous variable has an identical 

order and parameters (Pierce & Mason, 1971). 

The interpretation of the polynomial structural form is that the 

disturbances of (2.2.6) follow a multivariate moving-average (MA) 

process, i.e. 

A(L)y(t) + B(L)x(t) = u(t) 

where u(t) = 0(L)a(t) 

In Ch. 4 an alternative form of the PSF (or a special case of RSF) 

is discussed where u(t) follows a multivariate ARMA-process 



(2.2.14) A(L)y(t) + B(L)x(t) = u(t) 

(2.2.15) $(L)u(t) = 0(L)a(t) 

where $(L) = I + $,L+...+$L*) (p = max p..) 
1 P 

and 0(L) = I + 0,L + ... + 0 L*' (q = max q . . ) «  
1 q hX2 

It is further assumed that <|>(L) and 0(L) are diagonal (see sec. 4. 

for a discussion). Comparing (2.2.14) with RSF (2.2.6) it is obvious 

that for all pairs (i,j) it is assumed that 

"ij(L) = Yij(L) = aii(L> » +i*(L) = +£(L) and 

aii(L)6i*(L) = 6i(L) 

Assuming 0(L) to be invertible, (2.2.14 - 15) may be written 

compactly as: 

(2.2.16) 0-1(L)$(L)A(L)y(t) + 0_1(L)$(L)B(L)x(t) = a(t). 

This form, where the relations are expressed in the white noise terms 

a(t), is called here the Restricted Transformed System (RTS) . 

From the RTS it is obvious that 

(i) even if A(L) = AQ, B(k) = BQ, i.e. (2.2.14) being 

static, the RTS is Cgenerally) dynamic, 

(ii) the RTS is non-linear in parameters. 

*) 
The notation is due to Hendry (1974) who uses the term RTE 

(restricted transformed equation) for one equation of the re

stricted transformed system. 



When the general form of a dynamic structural model is specified 

there remains for discussion: 

(i) the input data of the model; the quality, availability 

and adjustment of data (see Ch. 3), 

(ii) the estimation of model parameters when a general multivariate 

process for the disturbances is specified (see Ch. 4). 

Furthermore, an application of the structure (2.2.6) is presented 

in Ch. 5 and various model specifications are compared. 
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3. DATA PROBLEMS IN SHORT-TERM CAUSAL MODELS. 

3.1 Data problems and the model specification. 

In the application of 6ausal models the nature of the data, zT(t) = 

= [y?(t): xf(t)] ; t = 1,...,T, in a model such as (2.2.6) or (2.2Î9) 

is vitally important. The access to relevant data necessary for the 

illustration of an economic phenomenon, the quality of available data, 

the periodicity of data and the consistency between available data 

and desired data are aspects which can be regarded as important as 

the choice of an appropriate estimation technique. If data are of 

unacceptably low quality, the empirical output of the model cannot 

be expected to be improved on regardless of the choice of estimation 

technique. 

Data problems are, as indicated in sec. 2.1, intimately related to 

the specification of a causal model. Thus one cannot discuss the 

data problems without a simultaneous consideration of the specifi

cation process. In fig. 3.1.1, which is a summary of Ch. 3, the 

interdependence between the specification process and the data 

problem is illustrated. 

Fig 3.1.1. The specification process and the data problem. 

SPECIFICATIONS DATA 

Economic 
theory 

Theory of 
statistical 
inference 

Formulation 
of the time 
horizon 

Assessment of the 
territory 

Mathematical formu

lation 

Reformulation with 
respect to availabi
lity and qualitycof 
existing data  

Adjustment of data or 
not? If adjustment is 
preferred, according to 
what principles?  

Statement of the 
desired system 
variables and the 
relations between 
them 

data i.e. 
- is the desired time 
series available? 
- what is the quality of 
available data? 
- what is the periodicity 
and length of existing 
time series? and 
- is the existing time 
series defined according 
to the intentions? 
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An empirical problem is presented, the system boundaries are defined 

and thereby there is an assessment of a territory» For the empirical 

situation an appropriate time horizon is formulated, From:the know

ledge of thè territory and thè problem, theories - or fragments of 

theories - may exist and thereby desired variables to be studied 

are stated. The relations between the variables are specified -

at least by an arrow scheme. 

Now the data problem comes into consideration: Are data on the desired 

variables available? At what quality and definition? These questions 

refer to the measurement procedure according to which observations 

are obtained. The collection of data may lead to a revision of the 

desired system and even to a reconsideration of the given time horizon. 

These questions will be dealt with in sec. 3.2. 

The availability and quality aspects of data and the formulation of 

the time horizon have implications for a spëcific part of the data 

problem; the question of what to do with the existing data, to 

adjust for trends and/or seasonals or not - a problem related to the 

generation of data. In short-term modelling trend and/or seasonal ad

justment must be considered as an alternative to using original unad

justed observations. What, then, are the arguments for and against ad

justment? If it is decided to adjust data, should this be achieved by 

means of prior adjustment or should trends and/or seasonal factors be 

incorporated in the causal model? What effects have different adjust

ment techniques on the structure of a causal model - especially with 

respect to the specification of the disturbances? These questions will 

be dealt with in sec, 3.3 - 3.5. 

The arrows of the scheme in fig. 3.1.1 merely indicate main directions 

of actions in the specification process. In reality, the specification 

of a causal model is a complex and dynamic process which never ceases 

as long as the model is used. 

The main purpose of this chapter is to discuss the adjustment of data 

in a short-term causal model. No attempts are made here to solve those 

problems set forth in sec 3.2 - they are only indicated. The purpose 

of including sec 3.1. and 3.2 is to cast light on the adjustment problem 

from a more general standpoint and thereby consider adjustment of data 

as one of a great variety of data problems. 
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3.2 Availability of data and quality aspects. 

In this section the following aspects of the data problem related to 

the measurement of data will be discussed: 

(i) The problem of missing data 

(ii) Quality of existing data 

(iii) choice of time-span (or interval) between observations 

(iv) General considerations. 

Iii The problem of missing data: The first data problem is encoun

tered when the desired system variables are assessed and the availability 

of desired data is considered. If not all data are available, are of un

acceptable quality or have inadequate definitions, the possibility of 

reformulating the time horizon must be considered. Is it, because of 

the given goals of the study, permissible to take observations with a 

different time-span from the first preferred, or is it even possible 

to reformulate the goals to provide the model with data? If the answer 

is positive, availability of data with the new time-span (or frequency) 

is to be considered. 

If data are not obtained for at least one variable of a system, the 

simplest strategy is to delete the variable in question. Mis-specifi

cation due to incorrect omission of structure variables is considered 

by e.g. Cragg (1965, 68) and Summers (1965) in Monte Carlo studies. 

The general aspects of specification errors are considered in Westlund 

(1975). An incorrect omission of a structure variable leads to bias 

in estimated structural coefficients, unless certain restrictions are 

fulfilled for the deleted variable. If one variable which is con

sidered important in explaining another, is missing in one equation 

of the system the effect of the error is to be found in the residuals 

of the equation. Thus, serial correlation in residuals may be due to 

this kind of mis-specification. One common practice in such a situa

tion is to replace the missing variable by one which is related to it. 

The following example illustrates this point. 
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The stock adjustment form of an investment function is (Klein, 1974, 

p. 104) 

(3.2.1) I(t) = K(t) - K(t-l) = X(K*(t) - K(t-l)) + ax(t) 

(3.2.2) K*(t) = aX(t) + a2(t) 

where 

K(t) = Stock of capital at the end of period t 

K*(t) = "Desired" stock of capital 

I(t) = Net investment 

X(t) = Output level 

a^(t), a^(t) = Random disturbances. 

Since K*(t) is unobservable (3.2.2) is substituted in (3.2.1) and 

the nonlinear model to be estimated is 

(3.2.3) I(t) = K(t) - KU-i) = aXX(t) - AK(t-l) + a(t) 

where a(t) = a^(t) + Xa2(t). 

Another attempt to reduce the effect of a missing variable is to 

adopt a non-causal time series model e.g. a multivariate ARIMA-mo< el 

(2.2.8), of the residuals which is assumed to have coloured noise 

properties in the mis-specified equation. In the example presentee 

above it would, alternatively, be possible in the first instance 

to make a straightforward regression of I(t) upon K(t-l) and 

simultaneously-make a model of residuals, which, then, may be inter

preted as reflecting changes in the level of "desired" stock of 

capital. Models developed in this way coincide with transfer function 

models, described in Ch. 2, in which an unexplained non-random pattern 

in residuals is incorporated in the model equation and the parameters 

of which are estimated simultaneously with regression coefficients. 
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A third alternative, which does not exclude the other two, is to 

use estimation techniques which are robust against specification 

errors (Westlund, 1975, Ch. 2). 

The determination of time-span between successive observations in a, 

model has implications for availability of data: there is a tendency 

for quarterly data to be more difficult to find than annual data, for 

monthly data to be harder to obtain than quarterly data etc. 

The availability is, furthermore, related to the kind of variable for 

which data are desired. National account data such as gross national 

(domestic) product, industrial production, production by industrial 

sectors are, generally, available for most industrialized countries, 

while e.g. branch data on , for instance, prices and stocks are less 

easily obtained. The variables mentioned above belong to two separate 

classes of data: the former belongs to the class of flow data and the 
*) . . 

latter to the class of stock data . The statistical offices producing 

these data may have problems in making definitions of what is the exact 

meaning of a 'pricef and a fstock' level, the Tinterest ratef etc. in 

a certain period. Is it the average, taken over hours, days, weeks etc., 

or is it the value at a certain time-point of the period? In either 

case objections can be raised about the methods of calculating and 

presenting data on stock variables. 

*) 
A flow variable is an amount measured per unit of time". 

(Darby, 1976, p.50). An observation on a flow variable, then, 
refers to a time period. 
Examples: GDP, Industrial production, New orders etc. 

,fA stock variable i8 an amount measured without time 
dimensions11. (Darby, 1976, p. 50). Thus, an observation 
on a stock variable refers to a specific time point. 
Examples: Prices, level of stocks, exchange.rates etc. 



(ii) Quality of existing data: If desired data are available, what 

tools can be used to judge the quality of available data? The question 

to ask when a time- series is^available is: How are the data generated 

and measured? The first part of the question is related to the definition 

of the variable considered and the second is connected to the method 

by which observations have been obtained. For the consumer of officially 

published data, e.g. a model builder, it is a time consuming procedure 

to get exact information about how data are obtained: who delivers 

figures, how are the questionnaires formulated, sampling procedures 

or total investigation etc.? 

In addition, the earliest published data on the latest time-points are 

often of a preliminary nature. When updating the estimates of a model, 

it is often necessary to rely on these data, although they are likely 

to be revised. These sources of measurement errors may, of course, 

be the cause of an additional uncertainty in estimation and forecasting. 

The effect of using preliminary data in a real forecast situation is 

considered in e.g. Morgenstern (1963) and Stekler (1967). Estimation 

errors due to measurement errors are studied in Denton and Kuiper (1965) 

where they find support for the hypothesis that variations in predic

tions are greater between preliminary and revised data than estimation 

techniques. It is a matter of urgency, if not to eliminate the imper

fections of preliminary data, at least to reduce their effects. 

Schleicher (1975) indicates how a revision of data can be performed 

due to a specific interpretation of a general Kalman-Busy filtering 

model. 

The desirability of high precision of available data is accentuated by 

the more frequent use of differences of original time series in connec

tion with short-term causal models (sec. 3.5). It is claimed (Evans, 

1969, and Zellner & Palm, 1974) that measurement errors are more serious 

when first differences are used in the place of non-differenced time 

series. Taking differences of a time series has consequences for the 

precision requirements on the series other than measurement errors. 

The situation is especially embarra-ssing in connection with index 

series which are often presented by integers. If index series are trend 

adjusted by e.g. taking differences it is doubtful whether orders of 

differencing higher than first orders in such situations are meaning

ful in a causal model. 



If data are available from more than one source discrepancies between 

figures on^the same time series may not only be due to the quality 

aspects but also_to hidden definition differences. An example of this 

kind of definition problem is encountered in a model for the demand 

of paper and paperboard in Western Germany (Baudin» 1973-75). Two organiza

tions, OECD and the German Central Statistical Office, produce data on 

production of paper and paperboard in Western Germany. Though they 

are apparently defined identically the OECD figures are approximately 

10 % lower than those provided by the Central Statistical Office. 

In investigating the cause of the discrepancy it is found that the 

data presented by Central Office concern the production of all paper 

mills. The differences apparently stem from different definitions of 

populations; in the OECD material only members of the German Association 

of paper producers are included, while, in the data published by the 

Statistical Central Office, those producers who are not members of 

the Association are also included. 

What can be done then, when a time series is suspected of being of 

unsatisfactory quality? On one hand it is dubious practise to include a 

time series of low quality in a causal model; in the other hand the 

problems discussed earlier regarding missing data arise if the variable 

considered is deleted from the model. Without giving answers a few 

questions can now be formulated: What is the tolerance limit under 

which the quality of data is considered to be unacceptable? What is 

the effect of including data of doubtful quality in a causal model if 

it really contributes to the explanation of a phenomenon (or is 

satisfactorily explained by the causal relation)? The quality aspects 

of data are among the most difficult statistical problems, since 

methods of statistical inference are not applicable to the detection 

of shortcomings in data . 

The situation could be improved if a dialogue between producers of 

data and different categories of consumers of data could be officially 

established. If that were achieved different requirements of data from 

the consumers could be brought in line with the producers* experience 

of what is achievable. 
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(iii) The choice of time-span (or interval) between observations. 

The choice of time interval between successive observations is due to 

the objective of the model building, i.e. ultimately determined by 

the planning and forecasting horizon. The interval definitely has 

effects on the model. It is also claimed that "some 'natural' inter

vals do occur in economic time series..." and the unknown real process 

generates.data discretely in time "with an unknown (but probably short) 

natural interval" (Brewer, 1973, p. 141). In practice, this choice 

does not necessarily coincide with a desired length of interval 

between successive observations. Thus, it may well happen that a 

model which, e.g. was a priori intended to be monthly is in fact 

quarterly, owing to inaccessibility of data. This problem, called 

the problem of temporal aggregation, is frequently met in applications. 

On the other hand, what would be an appropriate action if only a few 

time series in a system of considerable size had too long a time-

span? Here, an application of an (ad hoc) procedure for temporal 

disaggregation is feasible, i.e. interpolation of the time series. The 

following illustration stems from the application presented in Ch. 5. 

One by-product of the model is forecast on capacity utilization, CU, 

given by the identity, CU = Production/ Capacity*). 

Data on capacity are, traditionally, given only annually. The causal 

model is however quarterly. There is a great interest in obtaining 

information on capacity utilization not only annually but also on a 

quarterly basis since it is a good indicator of the market situation 

in the business cycle. These annual figures are, in this application, 

"interpolated" to give quarterly figures. The interpolation is per

formed under the hypothesis that growth in capacity is a smooth process 

over the year and the sum over the year is constrained to b e the annual 

figure. The problem of aggregation or disaggregation in time cannot 

be treated generally; the empirical model considered, the planning 

and forecasting horizon and the data generation process will determine 

the appropriate course of action. 

Capacity = Potential production. 



(iv) General considerations. It is important, for obvious reasons, 

to consider the definition of an available time series. For instance, 

one must be aware of possible changes of the base year for an index 

series and for a deflated economic time series, if the series is 

given in current or constant prices, at market prices or at factor 

cost. 

Another consideration is whether the available time series is presented 

in seasonally adjusted form, in original observations, or both. 

If unadjusted data are provided by a statistical source, all strategies 

are available: To use raw data as they are, to make prior adjust

ment, or make adjustments within the model (see sec. 3.3). The model 

builder has, in the conceptual specification of the model, often a 

clear idea of what kind of model is preferred, and consequently the 

nature of data desired. If only priorly adjusted data are available, 

and the model builder prefers unadjusted data in the causal model, 

the model builder^s freedom of action is seriously limited. The effect 

of introducing officially adjusted time series may be to induce serial 

correlation in residuals. This statement is given by Hendry (1974). 

Since many of today^s methods allow for seasonal adjustment within 

the causal model a clear recommendation should be adressed to the 

producers of official data; Since many consumers of data are interested 

not only in adjusted data but also in original observations, it would 

be proper to present both kinds of time series in official publications. 

If unadjusted data are available the consumer of data, e.g. a model 

builder, is free to choose any strategy in adjusting the data. 

Data quality has not been considered to the same extent as, for instance, 

estimation or identification problems in interdependent systems. 

This fact has certainly many causes, one of them being that econometric 

systems and estimation procedures may operate on any data, regardless 

of their quality. Another reason may be the data consumers" feeling of 

"being in the hand of data producers11. The latter phrase is an indi

cation of the necessity for a dialogue between'producers and consumers1 

of data. 



After considering these aspects of the data problem, it is possible 

reformulate the proposed model with respect to the data problems 

encountered. The effect of this is a mathèmatical formulation in 

which another data aspect enters: The question of what to do with 

existing data. This issue is discussed in section 3.3 - 3.5. 
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3.3 Adjustment for trends and/or seasonals in short-term causal 

models. 

The question of whether or not to adjust for trends and/or seasonals 

in short-term models is - as previously indicated - related to the 

data problem and the mathematical specification of the causal model. 

The classical conception of a time series is that an observation, 0, 

is, in time, generated by at least one of the four factors: Trend (Tr), 

Business Cycles (C), Seasonals (S) and a random component (I). 

(i) Trend (Tr): "A trend may be defined as a continued and continuous 

movement of the data of any activity in a recognizable direction 

over a period of time that is long relative to the business 

cycle" (Estey, 1950, p. 5). 

(ii) Business Cycles (C): "Business cycles are a type of fluctuation 

' found in aggregate economic activity of nations that organize 

their work mainly in business enterprises: a cycle consists of 

expansions occuring at about the same time in many economic 

activities followed by similarily general recessions, contractions, 

and revivals, which merge into the expansion phase of the 

next cycle; this sequence of changes is recurrent but not 

periodic; in duration business cycles vary from one year to 

ten or twelve years; they are not divisible into shorter cycles 

of similar character with amplitudes approximating their own. 

(Burns & Mitchell, ü)46, p. 3). 

(iii) Seasonals (S) are "fluctuations occurring within a year which 

tend to recur in some consistent fashion from year to year. The 

length of time from t:he occurrence of a variation to its recurrence 

is a uniform period of 12 months" (Bratt, 1948, p.8). It is, 

however, not necessary to restrict the class of seasonal 

variation only to those which occur in a year. 



(iv) Random errors (I) are "irregular, uncyclical variations of 

activity due to the incessant interference of all sorts of 

causes affecting business. They are "accidental fluctuations". 

(Estey, 1950, p. 4). 

According to this conception, 0 = f(Tr, C, S, I). Formal expressions 

of f in a multiplicative (loglinear) or linearly additive form with 

respect to the -factors can be found in the literature (e.g. Brown, 

1963, p. 57). The intention in making a formal subdivision of the 

factors is either to explain the behaviour of a time series in terms 

of trends, seasonals and cyclical variation or to eliminate the trend 

and/or the seasonals. To accomplish explanation or elimination of 

these factors, further assumptions regarding the nature of the trend 

development and/or the seasonal pattern must be made. A generally 

anticipated argument in favour of adjustment of a single time series 

is simplicity in representation and interpretation. For instance, 

it is easier to compare two successive months if seasonals have been 

eliminated, and to discover a business cycle turning point if trends 

and seasonals are eliminated from the series of interest. This 

appealing argument for adjustment is, however, not so obvious when 

causal models are considered. A trend movement or a seasonal pattern 

in an endogenous variable may be explained by a set of predetermined 

variables such that no indication of departure from the classical 

white noise assumptions (2.2.2) regarding the disturbances exists. 

The elimination of trend and/or seasonal variation is performed under 

a hypothesis of how a time series is generated in time. Usually it is 

assumed that the series is generated in time by the multiplicative or 

(loglinear) additive form mentioned above. The elimination of trend is 

then usually performed independently of the elimination of seasonals. 

This is based on the traditional view where the factors are regarded 

as independent of each other. This view is questioned on many grounds. 

First, the imprecise definitions of trend, cycles and seasonals leave 

no answer to what the functional forms of the factors are. 
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Second, we are ffin no position to assume, for instance, that the 

components are independent11. (Tintner, 1940, p.3). In fact it has, 

in early investigations (e.g. Wisniewski, 1934 and Kuznets, 1933), 

been empirically demonstrated that the factors cannot generally be 

assumed to be independent. In practice, the elimination of the trend 

and/or seasonals, "involves a series of more or less arbitrary 

decisions11 (Burns, 1960, p. 279) and the resulting data upon which 

a causal model is based may, thanks to the arbitrary operations in 

data, become quite artificial: "Such methods can give extremely 

misleading results" (Box and Jenkins, 1971, p. 301). 

As mentioned, adjustment?)procedures need explicit statements concerning 

the nature of trend and/or seasonality. Since there are very few 

theories justifying a certain specification in the time domain, in

spection of data is, usually, the only way of deciding whether and 

how to perform an adjustment. This, of course, implies difficult 

decision problems and thus arbitrary transformations of the original 

observations. Before asking how to adjust data it must be asked 

whether adjustment of data is necessary at all in the context of 

a causal model. 

In this section the following problems will be taken up: 

(I) Motives for adjustment of time series in short-term causal 

models. 

(II) Prior adjustment versus incorporation of trends and seasonals 

in the causal model. 

(i) Trend adjustment. 

(ii) Seasonal adjustment. 

(iii) Trend and seasonal adjustment. 

*) 

The term adjustment is here used in broad sense. It refers to both 
'prior adjustment1 i.e, adjjstment of each single time series before 
the causal analysis and adjustment within the causal model, for 
instance by incorporating trend and/or seasonal factors. 
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( I ) Mûii l£rBDL£âllJSâl^mûdjÊl5. 

A first argument in favour of tvend adjustment in a short-term con

text is of a logical character ; "the analysis should not be based on 

methods in which the estimation results depend greatly on changes in 

the trend component11 (Teräsvirta & Vartia, 1975, p. 6). If the trend 

component, in spite of previous arguments, is assumed to be independent 

of business cycles and seasonals, the information associated with the 

trend factor should not influence the cyclical analysis and an appro

priate trend elimination procedure should be applied. Since, in short-

term analysis, the interest focuses on cyclical variation, it seems 

logical to concentrate upon excluding sources of long-term variation. 

The debate concerning the logical argument for and against trend ad

justment has been in progress more than half a century. In Smith (1925) 

arguments are raised against trend and seasonal adjustment while 

Yule (1926) considers the reasons for obtaining nonsense correlations 

between time series as due to simultaneous trends. Jowett (1955) argues 

that, in regression analysis of time series when both the independent 

variable and the error components are serially correlated, it iè often 

desirable, or even necessary, to carry out a trend elimination operation 

on both series simultaneously prior to the estimation of regression 

coefficients (prior adjustment). 

Although many econometricians of today agree upon the justification 

of trend and/or seasonal adjustment in short-term modelling, many 

published short-term applications still contain model data where trend 

and seasonals are present (e.g. Sheppard, 1971 and Ball & Burns, 1968). 

In Granger and Newbold (1974) it is demonstrated that spurious regression 
2 is almost certainly obtained when a high level of R , the coefficient 

of determination, appears in combination with a low value of the 
2 Durbm-Watson (DW) statistic è The high level of R may be the result 

of simultaneous trends in endogenous and exogenous variables and the 

low value of DW may be caused by unexplained (short-term) cyclical 

variation (due to dominating trends and, thus, unexplained cycles). 

This discussion will be taken up later in this section. 
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A second argument in favour of trend adjustment is that serial covve-

lati>on may appear in residuals as due to dominating trends. 

If the variables in a system of equations", with the objective of 

explaining short-term variations, include basic trends, business 

cycles and seasonals, it is probable that the trend development 

will basically determine the nature of interrelations between 

variables: "... if a trend is present in the demand this will often 

dominate the short-term fluctuations-? (Wold, 1953, p. 241). 

Thus, unexplained cyclical variation may be retained in residuals 

(and thus cause serial correlation in residuals) due to the 

dominating trend effect. To illustrate this statement let us consider 

the following example. 

Let us assume that, in the i:th relation of a system of equations, 

there is only one endogenous variable y^(t) and one exogenous variable 

x^(t) which are causally related. 

Furthermore, let us assume: 

(a) y^(t) and xi]L(t) include common trends and cyclical factors 

denoted g1(t) and g?(t) respectively. 
. 2tt 

For instance, it may be g-^(t) = t and g2(t) = s^n —> where 

p is the period of the cycle. 

(b) yi(t) and x^(t) are both described by the linear additive 

model, 0 = Tr + C + I where 0 is the observation. It thus 

follows that 

(3.3.1) yj_(t) = Y0 + ôogl(t) + ̂ 0g2(t) + e0(t) 

(3.3.2) xi;L(t) = 'Yx +<s1g1(t) + ip1g2(t) + e1(t) 

where 

eQ(t) and e^(t) have zero expectati on and are 'white noise' 

processes. 

The causal relationships between y^(t) and assumed to be 

the linear: 

(3.3.3) y.(t) = ßiQ + 3ilxil(t) + Ui(t) 
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Now, what requirements should be met to take the conditional expec-

tation E(yi(t)/xil(t)) = £iQ + ßilxil(t) valid under assumptions 

(a) and (b)? The question could equivalently be expressed: What require
ments must be met for u^(t) to be a white noise process? 

Substituting 

x( (t) - Y - ttg2(t) - e (t) 

8l(t) * 

into (3.3.1) we obtain 

yai t mi 
y^t) = 

Y i  o i  o  r o ^ i i  o  
Yq - T[ xil(t) + [^0 " g2(t) + e0(t) " 6^ ei(t) 

By setting 

r y1s0 
eil " • io Y0 

it is evident that the conditional expection 

E(yi(t)/xil(t)) is equal to + ß^x^Ct) iff 

vl 
•o - t7 5 °-

since ECg^Ct)) is not identically zero for all t (according to the 

assumption of cyclical variation in g2(t)). 

Thus, for u^(t) to be a white noise process it is required that 

*1 " v 
which, indeed, is a serious restriction. If the restriction does not 

hold, cyclical variation appears in the disturbances. 

Thus, from the discussion above, which is further taken up in sec, 

3.5* it is seen that there is an obvious risk of serial correlation in 

residuals which may appear as due to dominating trends and unexplained 

cyclical variation. 
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A third argument in favour of trend adjustment is that the problem 

of mult-ioollvneari-ty may arise owing to simultaneous trends among 

the exogenous variables. The following example is taken from the 

empirical situation considered in Ch. 5. The material consists of 

original quarterly data t = 1963:I,...,1972:IV. In trying to 

fit an equation for the demand of paper and paperboard (CO) in 

an early stage of the model building process, several alternative 

exogenous variables were considered. 

The variables are: CO (Apparent consumption in 1000 metric tons, 

dependent variable), ORDER (Manufacturers net new orders, index 

1947 = 100), XP (Index of industrial production, 1968 = 100), 

DISP (Disposable income at 1958 US $), STOCKS (the level of 

producer's stocks at 1958 $ book value) and GNP (Gross national 

product in 1958 $). 

As seen from fig. A.1.1, A.1.11, A.1.15, A.1.17, A.1.18 in appendix 1 

most of the variables contain basic trends. 

The correlation matrix is given in table 3.3.1. 

TABLE 3.3.1 Correlation matrix of unadjusted data. 

VARIABLE CO" ORDER 
• i 

ÜRÜER-1 1 'oRDCR-2 ORDER-3 CJRÜER-4 XP XP-l XP-2 kXP- 3 

CO i.OÜÜ .971 . 954 .947 .939 .547 .956 .934 .930 .913 
öRDtR 1.C00 .984 .960 .973 .977 .952 .937 .936 .923 

1 l.ÜÜÜ .965 .979 .974 .947 .95b .942 .938 
ORDER- ? 1.0Ü0 .985 .978 .944 .949 .958 .943 
•KL£R-3 1.00Ü .986 .933 .945 .951 .95 j 
ÜRH5R- 4 1.000 .932 .932 .944 .900 
rXP 1.000 .985 .978 ,9rJ:i 

IXP-1 1.ÜÜ0 .*85 .975 
I XP-2 1.000 /óì'-
IXP-3 l.OOu 

VARIABLE XP-4 DISP ÜISP-1 •ISP-2 DISP-3 ÜISP-4 S'i ULKS GfjP GilPl 

U;NS .913 .950 .949 .949 .952 .953 . ti Ì 4 .96^ .956 
ÜRDCR .920 .987 .964 .964 .985 .985 .800 .981 .977 
ORDER- 1 .935 .987 .907 .986 .980 ..988 .805 .984 .983 
ÙRGER-2 .946 .986 .987 .987 .980 .966 .872 . 9 8o .985 
OKULR-3 .952 .905 .986 .987 .958 .087 .877 .983 .0ob 
URGER-4 .963 .953 .985 .95d .987 .968 .889 .975 .932 
rXP .959 .949 .951 .950 .952 .951 . t i  53 .977 .573 
'XP-l .904 .94/ , ;J 5 1 .95] .951 .8f.ii .981 . 9 7 7 
.XP-2 .950 .947 .950 .952 .952 .951 .6/9 .980 .982 
"XP-3 .909 . 944 .948 .951 .953 .952 .894 .973 .380 
IÅP-4 l.ooo .946 .953 .954 .950 .957 .910 .969 .578 
015P 1.000 .996 .907 . 90 7 . 99b .897 .987 
OISP-1 1.000 .999 . 998 .998 .906 .989 /<88 
DISP-2 1.000 .999 /jyö .910 .991 
niSF-3 1.000 .999 .911 . 990 .9 91 
UlOP - -i \ . 000 .912 .5'JO . O I J 
STOCKS 1.000 .896 .504 
GiMP l.o;.o .997 
rjrjp - ] 1.0' 0 

*) ORDER--1 the nettiti un i fnr URÜER or j pbi'i oc 

1 •- 40 observations 
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The example shows that any of these exogenous variables could be used 

to "explain11 demand. If only one variable is to be selected the discri

mination is made by the third decimal and if more than one explanatory 

variable is to be selected, e.g. by a lag structure in an exogenous 

variable, collinearity problems will arise. 

Selecting XP as (the only) explanatory variable, the residuals display 

a serial correlation (fig. 3.3.1-3). 

Figure 3.3.1. Residuals obtained by linear regression of CO(t) upon 

Xp(t). Time period: t = 1964:1,... 1975:IV. 
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r 

Figure 3.3.2 Estimated autocorrelation of the residuals. 

/N # # T 
— = Î 2a limits under white noise 

assumptions 
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Figure 3.3.3 Estimated spectrum of the residuals. 

p(f) = power spectrum at frequency f, 

0 < f < TT. 

P(f) 

0 t 

(spectral peaks at periods corresponding to 5-6 years and 4 quarters. 
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Considering the arguments in favour of trend adjustment it may be 

concluded that this kind of adjustment should be performed to ana

lyze short-term effects. The arguments in favour of seasonal 

adjustment are, however, not so obvious. Seasonal adjustment in a 

causal relationship is necessary only if residuals of a model 

without seasonal components or prior seasonally unadjusted data 

contain seasonal variation,. Possible sources of this non-random 

variation are: 

the endogenous variable to be explained in a specific 

equation contains a seasonal variation which is not ex

plained by the other explanatory variables in that equation. 

the endogenous variable (to be explained) contains no (or 

little) seasonal variation but the explanatory variables 

contain seasonals which explain "too much". 

To sum up: 

In a short-term persepctive we have given three arguments 

for trend adjustment which are the basis for a positive 

answer to the question of whether of not to adjust for trends. 

- Seasonal adjustment needs to be performed only as a net 

correction of unexplained (or "too much") seasonality. 

Now, a second question is: Should prior adjustment of data be per

formed, i.e. before the causal analysis, or should the adjustment 

oe incorporated in the causal model? Let us first consider trend and 

seasonal adjustment separately and then a combined trend and 

seasonal adjustment. 

(II) ^ri£.r adjustment jr ersus ine o r p o r a t i on of tre nd s and seasonal s 

in the causal model. 

(i) Trend adjustment. Consider a simple unrelational model where 

only one exogenous variable is present. Let us assume that both the 

endogenous and exogenous variables can be described by linear trends, 
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y (t) = aQ + o^t + u^t) and 

(3-3.4) 
X ( t ) = 30 + ̂ lü + 

The trend-free variables u^(t) and ^(t) are, furthermore, assumed 

to be linearly related 

(3.3.5) ux(t) = ipu2(t) + a(t), 

where a(t) is a white noise process. 

Then,by rearranging (3.3.4) it is easily seen that this is equivalent 

to 

(3.3.6) y(t) = 6Q + 6^x(t) + 62t + a(t) 

which is an expression which includes t as an explanatory variable. 

This example, which is given by Frisch & Waugh (1933) shows that it 

is equally satisfactory to use adjusted data or to use explicit 

trend variables in the system equations (provided that the exogenous 

vairables of the equation are not perfectly co-linear with t, the 

time variable). 

If trend elimination is performed using a function of the time 

variable, f(t), a careful examination of the process generating 

the time series should be performed*^ Very few theories exist 

which lead to a prior postulation of the form of f(t). More often 

ad hoc procedures and approximations will be used to decide an 

appropriate form of f(t). Furthermore, coefficients in f(t) have 

to be estimated which cause "sampling errors11 in estimated coefficients 

and thereby loss of degrees of freedom. In addition, these estimates 

are not efficient owing to serial correlation in the trend-adjusted 

data (which, in fact, are residuals). 

0 

A review of some concepts t • be used in deciding an appropriate 
f(t) is given in Baudin & Z ickrisson (1973). 
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Attempts have been made to overcome the difficulty of assessing one 

single continuous trend curve in the observed time period: the methods 

of 'segmentation' and 'spline functions' can be used in this context 

to divide the time axis into segments and in each interval fit a 

polynomial. The method of 'segmentation' is described in Stephenson & 

Parr (1972) and 'spline functions' in Wold (1974). The main objections 

to these methods in the context of a causal model are: 

They are not based on theoretical considerations. The 'best' 

function according to some criterion is fitted in a certain 

period with little, if any, consideration of the underlying 

data generation process. 

If a smooth curve, f(t), is fitted for the whole time period there 

is a 'sampling' error in estimated parameter(s) and there is 

a corresponding loss of degrees of freedom. If the time axis 

is divided into segments, there is a much greater loss of 

degrees of freedom and the 'sampling' error becomes significant. 

In a forecast context there is also a problem of deciding 

the functional form of a future time segment and its para

meters. Furthermore, deciding the number of segments, starting 

points for each segment etc., must rest on ad hoc considerations. 

As an alternative to using the non-causal f(t) for trend explanation 

and/or adjustment it is often recommended causal "trend explanatory'1 

variables be included in the models (Klein,Ch. 9). The problem is then: 

how can we be sure that the trend explanatory variable explains the trend 

alone? If that variable exhibits cyclical and/or seasonal variation 

it is not explaining the trend factor alone, but also some parts of 

the short-term properties of the dependent variable. Thus, it might 

be argued that a trend explaining variable must be completely free 

from cyclical variation, which may be interpreted as equivalent to 

including time as independent, variable. The logical consequence of 

this procedure would be to adjust for. trends in the other variables, 

which explain factors other :ha n trends. Thus, due to this circle 

of arguments, one is again f cing the problem of how to perform trend 

adjustment. 
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In prior adjustment no control of the effect of the adjustment procedure 

can be performed. Estimates of trend coefficients are obtained which are 

inefficient - owing to cyclical and seasonal effects in the residuals 

of the trend model. Furthermore, degrees of freedom are consumed 

which are not always taken into account in the causal analysis. 

It can also be concluded that prior analysis consumes more degrees 

of freedom than its alternative. 

For instance, when the processes which generate the data contain 

linear trends, an appropriate model is (prior adjustment) 

ü (t) 

where 

yl(t) = yi(t) - aQ1 - ant 

x^t) = xi]L(t) - aQ2 - a1?t. 

Here, five parameters are to be estimated, while an inclusion of a 

linear trend factor leads to the expression 

yi(c) ' P0 * 6lxil(t) * ¥ 1 ei(t)' 

where there are three parameters to be estimated. This problem is, 

of course, more serious when large econometric systems are considered, 

It is then easy to realize how undersizing can be obtained if the 

loss of degrees of freedom in prior analysis is taken into account. 

If simultaneous trends exist in y^(t) anc* x^^(t) the trend, t, and 

x^(t) are however expected to be collinear. 

Thus, both ways of adjusting for trends have serious disadvantages. 

In section 3.5 a third alternative is considered : differencing the 

observations in the time domain. This method is compared to the two 

methods considered under (i). 



(ii) Seasonal adjustment. Least squares methods for prior 

elimination of seasonals can be shown to be equivalent to in

cluding seasonal factors in the same sense as in Frisch arid 

Waugh (1933) in connection with trend adjustment. In applying 

the least squares estimation criterion for the seasonal factors, 

the most frequent practice is to include seasonal dummy variables 

or periodic continuous functions. In the prior seasonal adjust

ment, ratio-to-moving average methods are frequently used to 

eliminate seasonal variation in each time series separately 

(see e.g. Kendall & Stuart, 1968, vol. 3). This class of methods 

may suffer from several disadvantages: 

The Yule-Slutsky effect, which means an introduction of 

serial correlation in an adjusted series even if the 

unadjusted series was white noise (Yule, 1927 and Slutsky, 

1937). 

The loss of observations at the beginning and at the end 

of the series. This argument is, however, not valid for 

all ratio-to-moving-average methods. The X-ll method, 

briefly discussed below, does not suffer from this dis

advantage. 

No control of the effect of the adjustment can be obtained 

in a causal analysis. Thus, the quality of input data in 

the causal model may be questioned if prior adjustment is 

performed. 

- The loss of degrees f freedom is unknown in prior adjustment 

of the data. 

The main advantage with this class of methods is that a flexible 

seasonal variation is permit ed in the original observations. 

One of the most frequently u ad methods of today for (prior) seasonal 

adjustment is the X-ll varia^ t of the Bureau of the Census method, 

Shiskin et al. (1967). It i an iterative procedure, which repeats 

ratio-to-moving averages of c varying number of included terms until 

seasonal variation is consid< red to be removed. 
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In many official data publications in the Western countries where 

adjusted quarterly or monthly time -series are given, the X-ll*) 

variant has been used. Because of its "official" status the method is 

important and furthermore, many series exist only in the adjusted form, 

the adjustment procedure being X-ll or some variant of it. Although'X-ll 

is a repeated ratio-to-moving average method no observations are lost 

at the end and the beginning of time series and, furthermore, the 

method has a favourable effect in smoothing out seasonal variation 

when it is unstable in its character. This is so because the method 

'cancels out1 the seasonals irrespective of their form. 

Other prior seasonal adjustment techniques that deserve to be mentioned 

are filtering (Wallis, 1974, in connection with distributed lag models) 

and smoothing techniques (Brown, 1963), which are not designed to adjust 

for seasonals only but as a general way of smoothing time series. 

In Ch. 3.5 the concept of seasonal differencing (Box & Jenkins, 1971, 

Ch. 7) will be taken up as an alternative means of adjusting for 

seasonals. 

If seasonal adjustment is considered necessary, the alternative of 

prior seasonal adjustment is to include seasonal factors in the model. 

In including seasonal dummy variables or cyclical function(s), an 

implicit assumption is that the seasonal variation is stable and un

corrected with the trend and the business cycles. Furthermore, if 

coefficients of seasonal components are to be estimated there is a 

corresponding loss of degrees of freedom and estimation errors. 

Mis-specification of seasonal components in single equations has 

been examined by Thomas & Wallis (1971). The two situations con

sidered by them are 

applying seasonal adjustment when it is unnecessary, 

ignoring present seasonal variation. 

*) 
The X-ll variant is modified in Western Europe: The German variant is 
called ASA-II and in England a third version has been developed. 
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The effect of mis-specification is then measured in terms of bias 

and consistency of estimated model parameters. 

The first case can be represented by a true model: 

y = x$ + u 

where 

y  =  

e » 

y d ) '  

y(T) 

?i 

x = 

u = 

x 1 ( i ) . . . x M ( i )  

(T)... 3̂ 00 

'u(l)" 

u(T) 

and a proposed model: y = x3* + Da + u*, where D is a TxS seasonal 

component matrix and a the corresponding parameter vector. The con

clusion is 

3* is an unbiased estimator of 3, even if 3*= 3 in general. 

The efficiency is decreased with increasing seasonal variation 

in x. 

The second case can be represented as follows. 

True model : y = x3+ Da + u 

Proposed model: y = x3* + u* 

^ . -1 
Conclusions: 3 is biased with bias = (x!x) xfDa, which means that the 

bias is zero if the excluded seasonal variables are uncorrelated with 

the included exogenous variables, x. 

(iii) Trend and seasonal adjustment. In short-term analysis both kinds 

of adjustment may be considered necessary. Prior adjustment for both 

trends and seasonals implies manipulation with the data twice . 

Thus one can readily ask: if prior adjustment for trends and seasonal s 

is used, what is the quality of the data upon which the causal analysis 

rests? In including a trend component and seasonal components in a 
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causal relation the effect of adjustment can be controlled, but 

as is previously indicated there remain arguments against this 

kind of adjustment: 

Multicollinearity problems exist if the time series include» 

basic trends. 

Serial correlation in residuals may arise owing to dominating 

trends. 

One conclusion of the discussion above is that the concepts of trends, 

seasonals and business cycles are not properly defined for use in a 

functional form. In addition, the assumption that trends, seasonals 

and. .business cycles are mutually independent is questioned. Thus, the 

isolation of one effect after the other without considering the 

possible interaction between them may be misleading. 

It may even be asked whether it is fruitful to attach a functional form 

to trends, cycles and seasonals in a causal model context. Alternatively 

it may be argued that short-term causal models should be built on 

stationary*̂  time series* According to this argument it would not be 

necessary to state the forms of trends and seasonals in short-term 

causal modelling. The only aim is to obtain a transformation of the 

original time series such that stationarity is assumed to pr evail. 

The concept of stationarity, however, does not give precise statements 

of how to achieve stationarity when the original time series are non-

stationary. The main improvement pertaining to this approach compared 

to the classical adjustment approach is that the forms of the trends 

and the seasonals need not be defined before eliminating each of them 

in a sequential order. 

Strict stationarity: If the joint probability distribution of a 
general process y(t-^) ,y(t^),. . . ,y(tm) is the same as for y(t^+k) , 
y(t2+k),...,y(t +k), y(t; is a stationary process in the strict 
sense. 

Covariance stationarity : The first two moments are required to be 
invariant in time. If the joint probability distribution of the 
process is normal, covariance stationarity implies strict stationarity. 
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3.4 Arguments for trend adjustment in short-term causal models 

and a general specification of the processes of the disturbances. 

The aim of this section is 

(i) to illustrate how serial correlation in disturbances may appear 

as being due to dominating trends in endogenous and exogenous 

variables 

(ii) to illustrate how serial correlation in disturbances may appear 

as being due to pure random effects. 

A simple unirelational model with variables generated in time 

a c c o r d i n g  t o  t h e  c l a s s i c a l  s p e c i f i c a t i o n  0 = T r + C + S + I  

serves as the basis for the illustration. 

The section is divided into two parts; in the first analytical results 

are given and in the second the results of a simulation are presented. 

Let us consider a simple unirelational situation where an endogenous 

variable y(t) at time t depends on x(t) - the exogenous variable 

at the same time. Let us assume that the causal relation between x(t) 

and y(t) is a regression model linear in parameters: 

(3.4.1) y(t) = a + ßx(t) + u(t), t = 1,...,T. 

Furthermore, let us assume that both y(t) and x(t) are generated, 

in the time domain, by the classical additive model 0=Tr+C+S+I, 

where 

0 = Observation 

Tr = Trend component 

C = Business cycle component 

S = Seasonal component 

1 = Random component. 

In addition, we assume that 

the trend component is linear and common to y(t) and x(t}_, 

i.e. Tr = f^(t) = t 
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- the cyclical component is common to y(t) and x(t) and is a 

sine-wave with fixed period*) equal to 14 time units, i.e. 

C = f2(t) = sin —• 

- the seasonal component is common to y(t) and x(t) and follows 

a sine-wave with a fixed period of 4 time units, i.e. 

c ~ • 2-nt 
S = f2(t) = sin —£— 

the error components a^(t) and a2(t) are normally identically 

distributed (N.i.d.) (0,a^) and N.i.d. (0,a2) respectively. 

To sum up, the model is 

(a) The causal relation 

y(t) = a + ßx(t) + u(t). 

(b) In time, y(t) is generated by 

(3.4.2) y(t) = Aj_ + Bjt + ClSin + DlSin + a^t). 

(c) In time, x(t) is generatied by 

(3.4.3) x(t) = A2 + B2t + C2sin + DjSiii + a2^ ' 

The question is: In what way are the different specifications of 

the model (3.4*1-3) compatible? 

In this situation, which is unrealistically simple, one would expect 

that common functional forms of the trends, cycles and seasonals 

would be appropriate for efficient estimation of a and ß. 

To obtain an efficient estimator of a and (3, u(t) is required to 

follow a white nòise process. This condition is, however, not generally 

fulfilled. 

') 

This simplifying assumption is unrealistic in view of the definition 
of business cycles. 
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I. Analytical results. 

From the model (3.4.1-3) the process of the disturbances, u(t) is 

given by 

2ïït 
(3.4.4) u(t) = (Ax - a - A23) + (B^ - B2ß)t + ((^ - C23)sin + 

2nt 
+ (D^ - D2$) sin + a(t) , 

where 

a(t) = a1(t) - ßa2(t). 

The following conditions must hold in order to satisfy the white noise 

assumptions for the residuals (2.2.1) 

(3.4.5) 

(a) E[AX - a - A2ß + (B^B^t] = 0 

( b )  c x  -  c 2 e  E  0  

(c) dx - d23 e 0 

Ai-a B^ C^ D 

A2 B2 C2 D  

assuming E(t) ï 0 

(d) a^(t), a2^t) white noise and uncorrelated. 

These conditions are too restrictive to hold in practice for models 

generated by (3.4.1-3). Thus, with causal models containing trends in 

the data one must be aware of the possibilities of serial correlation 

in residuals due to unexplained cycles and seasonals. Now, what happens 

if trend is removed? 

Al~a C1 D1 If the trend is removed, = — = — still have to be fulfilled 

A2 C2 D2 
to obtain efficient estimates of a and 3. The conclusion is then 

that even though trend is removed serial correlation in residuals is 

plausible. Thus, a causal model containing data with cyclical and 

seasonal variation is capable of containing serial correlation in the 

residuals. What impact does the trend have on the residuals? We will 

now turn to numerical examples to show how trends in data may contri

bute to serial correlation in residuals. 



52. 

The first two cases below*) concern demand for paper and paper-

board CO(t) = y(t) as generated by index of industrial production 

XP(t) = x(t). Simplifying assumptions have been made to express 

the business cycles. We have chosen Si. = — which, in fact, 
C2 D2 

is close to the real processes of y(t) and x(t). 

The following three cases are considered: 

Case 1: Trend adjusted data 

Case 2: Data containing trends and ^ close to 7—" = tt" 
2 2 2 

Case 3: Data containing trends but 

being far from 
2 2 2 

The following values have been used for the parameters: 

TABLE 3.4.1. Values for A1,...,D2 in (3.4.2-3). 

A1 b1 c1 d1 A2 B2 C2 
°2 

Case 1 0 0 1000 300 0 0 10 3 

2 8900 100 1000 300 90 1. 5 10 3 

3 1000 100 1000 300 100 3 10 3 

Note: C^, D^, anc* ̂  are t^ie same ̂ or t'ie th**66 cases. Thus, all 

differences are contributable to the different trend components. 

The problems discussed in this section above stem from a practical 
situation where the original observations were used in a causal 
relationship and where serial correlation in residuals was observed. 
If data in that situation are trend adjusted serial correlation 
disappears. 
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Now, a and 3 can be determined in the model by letting x(t) and 

y(t) be generated continuously in time (with a^(t) = = 

for all t) over a sample interval which contain both periods of the 

cyclical and seasonal components. Here the sampling interval is 

chosen to be t£[0,28] since the cyclical period is 14 and the 

seasonal period is 4 time units. We can derive a and 3 by 

least squares for the continuous case: 

28 
/ y(t)x(t)dt -
0 

28 

28 28 
J y(t)dt / x(t)dt 
0 0 

(3.4.6) 6 = 

28 ? 
J (x(t)) dt -
0 

_1 
28 

28 
/ x(t)dt 
0 

28 g 28 
(3.4.7) a = -À j y(t)dt - -ÔÔ J x(t)dt. 

q q 

Straightforward calculation with (3.4.2-3) inserted in (3.4.6-7) gives 

^ b!b2 - ̂  'WW - T- < WW + r- C1C2 + iV2 
(3.4.8) B = 

5488 b2 + 92,2 + 2| d2 3J2 . 1±2 ß 
3 2  it 2 T T  2  ï ï  2  2  T T 2 2  

(3.4.9) a = A1 - $A2 + 14Q& - 3B2) 

Inserting the values of the different cases the following parameters 

in (3.4.1) are obtained (table 3.4.2). 

TABLE 3.4.2. Values of a and 3 for case 1,2 and 3. 

a ß 

Case 1 

2 

3 

0 

1370.827 

-3114.854 

100 

80.443 

38.837 



Here, the effect of including the trend factor is obvious. The 

closer £i, is relative to Si. = ^1. the closer is the value 
b2 c 2  D2 

of 3 to that of case 1. 

This kind of discussion can be found in e.g. Nyberg (1967) and 

comments on the study are given by Teräsvirta & Vartia (1975). 

The main concern of the study was the price elasticities for 

different groups of alcoholic beverages in Finland. Considerable 

differences were found between elasticities based on original 

data and trend adjusted data (using the method of differencing 

logdata by the operator 1-0.7L). A substantial difference in 

estimates is found for the group "vodkas" (table 3.4.3). 

TABLE 3.4.3. Price elasticity point estimates for different 

groups of alcoholic beverages using logarithms 

of original data and trend adjusted data. 

(Source: Nyberg, 1967). 

Type of model Beverage group 
data Vodkas Other spirits Wines 

Original -0.13 -0.95 -0.83 
Differenced -0.60 -1.10 -0.99 

According to (3*4.4) the exact residual processes can now be 

determined - see table 3.4.4 and fig. 3.4.1. 

TABLE 3.4.4 Residual processes of u(t). 

u(t); t€[0,28) 

Case 1 

2*) 

3*) 

a(t) 

289.303-20.664t+195.570sin + 58.671sin + a(t) 

209.566-14.969t+616.770sin 2™ + 185.031sin + a(t) 

*) 

Expectation of (289.303-20,664t) and (209.566-14.969t) is zero over 
the sampling interval, whence E(u(t)) = 0. 



On the average the residuals contain a sum of cyclical and seasonal 

waves if simultaneous trends are retained in the data. The magnitude 

of the waves is due to the discrepancy between and the ratio 
cx dx bx cx dx 2 
— = — ; the more — differs from — = — the more pronounced 

2 2 2 2 2 
is the effect in the residuals. 
Fig. 3.4..1. Mean value function of the processes of u(t), E(u(t)X. 

E(u(t)) 

Case 1 
1000 

Case 2 

Case 3 

-1000 
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From the specification (3.4.1-3), table 3.4.1 and the exact analysis 

presented above the following conclusions regarding u(t) can be made 

The impact of simultaneous trends on the dependent and 

independent variables is serial correlation in residuals. 

The residuals display a pattern dictated by the cyclical 
B C D  

and seasonal components. (Unless -JL = _JL = _JL ). 
B2 C2 D2 

If the trend component is removed the residuals generally 

follow a periodic pattern dictated by the cyclical and/or 

seasonal components (unless = El. ). 

. B1 C1 D1 . 
The difference between the ratio — and — = in our speci-

2 2 2 z 
fication determines the amplitude of the residuals. The more -g— 

C1 D1 . 2  
differs from — = — the more pronounced is the amplitude 

2 2 
in the residuals. 

A (minor) trend in the residuals is observed if data contain 

s imultaneous trend s. 

The value of 3 differs radically. Since C^, D^, and D2 are 

unchanged for the three cases the effect is due to trend 

components. 

CIIj A simulation study. 

So far, the investigation is performed analytically and a^(t) and ^(t) 

have,for all t = 1,...,T, been set equal to zero. Now, the interest 

lies in investigating the effect of varying levels of the observation 

errors for a^(t) and a^(t). 

In the simulation the following aspects will be considered 

(i) estimates of parameters 

(ii) residual processes 

(iii) serial correlation among the residuals. 
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The data are generated according to the following plan: 

(a) a^(t) and ^(t) are generated at three levels of variability 

and each of the three cases (cf table 3.4.1). 

TABLE 3*4.5 Generation of random numbers. 

Generation of random numbers for 

Variability level a1(t) a2(t) 

1 ~N(0,200) ~N(0,2) 

2 ~N (0,400) ~N(0,4) 

3 ~N(0,500) ~N(0,5) 

The random numbers, a^(t) and a2(t), are added to the deterministic 

part of y(t) and x(t) respectively according to (3.4.2-3). 

Thus, we have three cases and for each of them three levels of variability. 

Accordingly, we have nine situations. 

(b) In each situation 200 (discrete) observations on a^(t) and 

a2(t) are generated in time order. 100 replicates are generated 

for each situation. 

(c) In each situation and replicate estimates of c c , ß residuals 

and an autocorrelation function of the residuals are obtained. 

(Maximum 36 lags in the autocorrelation). 

(d) For each situation mean values over the 100 replicates are 
^ a 

calculated for a ,3 and autocorrelation of residuals. Since 
A A 

means of a, ß and A^,...,Ü2 are given, a "mean" residual 

function can be calculated according to (3.4.4) by setting 
A A 

a(t) equal to zero and inserting mean values of a, ß and 

known values of A^., ...,D2» These can be compared to the 

exact functions given in table 3.4.4 to evaluate the effects 

of included random errors. Since the number of discrete 

observations (200) in each replicate is not an even multiple 
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of 28 some results differ from the exact values owing to different 

length of periods. Therefore, a "simulation11 is performed with one 
2 2 

replicate for E(a^(t)) = E(a2(t)) = 0 for all t. The differences 

due to different periods are presented in table 3.4.6. 

TABLE 3.4.6 Comparison of exact values for continuous t€[0,28) and 

discrete t = 1,2,...,200, 

Continuous 
t€[0,28) 

time Discrete time 
t = 1,2 200 

a 3 a 3 

Case 1 0 100.000 0 100.00 

2 1370.83 80.44 2858.86 66.86 

3 -3114.85 38.84 1 -2351.72 33.40 

In the simulation comparisons will be made against the discrete time 

alternative since the effect of different periods is then eliminated. 

(i) Estimates of parameters. 

TABLE 3.4.7 Means of estimated parameters at different variation levels. 

The means are taken over the 100 replicates and are 

denoted: 

, ». , 100 . 

a*-i00.E,ai e* -ÎÔÔ h-
1 = 1 1=1 

Variability level 

0 1 2 3 

a 3 
A 

a* 
A 

3* 
A 

a* 
A 

3* 
A 

a* 
A 

3* 

Case 1 0 100.00 -0.12 93.03 1.29 77.11 2.18 68.32 

2 2858.85 66.86 2865.74 66.82 2889.56 66.72 2907.78 66.64 

3 -2351.72 33.40 -2351.51 33.40 -2347.74 33.39 -2344.52 33.38 
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The effect of included random errors is obvious in case 1. The larger 

the variance of error term is, the more is the value of the parameter 

estimate of 3 reduced. A possible explanation is that the specification 

ci Di . — = — is sensitive to random disturbances. The other two cases, 
2 2 

however, do not display a systematic change compared to the zero level 

of variability. 

(ii) Residual processes. According to (3.4.4) the following mean 
A A 

estimates of the residual process are obtained using a* and 3* 

in (i) above and deleting the error term in (3.4.4). This fmean 

residual process1 is denoted u(t) and is represented in table 3.4.8 

and fig. 3.4.2-5 for the three cases. 

Notable is the increased degree of serial correlation in mean residuals 

in case 1 when variability in thè. random errors increases. Again, 

this may be interpreted as due to instability in the specification 

(3.4.1-3). For case 2 and 3 practically no change is visible. 

The conclusion from this piece of information is that, in practice, 

serial correlation in residuals may appear even when trend adjusted 

data are used. The cause of this phenomenon is the simultaneous 

cyclical variation in the endogenous and exogenous variables. If, on 

the other hand, simultaneous trends are present in the data, the 

serial correlation is not considerably affected by changing the level 

of variability. 

(iii) Autocorrelation among residuals. As a complementary piece of 

information to (ii) fmeanT autocorrelations among the residuals are 

presented (fig. 3.4.6-8). fMeanT autocorrelation at lag k is defined 

as 

100 
r*(k) = 100 E ri(k)> k =0,1,...,36 

i=l 

where the subscript i stands for replicate no i and r.(k) is the 
/\ i 
cov(ui(t)ui(t-k)) 

estimated autocorrelation at time lag k r.(k) = ^ . 
1 Var(ui(t)) 
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Estimated mean value function. 

Fig. 3.A.2. The process of u(t). 

Variability level = 0. 

Fig. 3.4.3. The process of u(t) . 

Variability level = 1. 

Cos« 1 s 
Cose 2 = 
Cose 3 = 

Cos« 1 r 
Cose 2 s 
Ces« 3 s 

800 —800 

0 • t 

•800 300 

Fig. 3.4.A. The process of u(t). Fig. 3.4.5. The process of u(t). 

Variability level = 2. Variability level = 3. 

800 

••t 

-800 

800 

••i 
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Fig. 3.4.6. 'Mean' autocorrelation of residuals. Case 1. 

i.o 

0.5 
Variability level 0 undefined 

1 — 
2 

1 7$£k  
S  

-0.5 

Fig.3.4,7. 'Mean' autocorrelation of residuals. Cåse«2. 

1.0 

Variability 
level 

0.5 

0.5 
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Fig, 3.4.8. !MeanT autocorrelation of residuals. Case 3. 

Variability 

level 

o 
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As is obvious from the figures, the autocorrelations for case 1 tend 

to be greater with higher level of variability. Thus, it is evident 

that there is a tendency of departure from the white noise, which is 

what would be expected from the exact calculations (and variability level 0). 

The other two cases, on the other hand, tend to have less mean autor 

correlations with higher level of variability. It may then be concluded 

that empirical situations may be such that the noise which comes from 

cyclical waves tends be buried in white noise, when the variance of 

the white noise increases. 

From the exact calculation and simulation the following conclusions 

can be drawn: 

(a) The specification with trend eliminated data is sensitive 

to random disturbances. The higher the variance of the 

random error is, the more pronounced is the degree of auto

correlation in residuals of the causal model. 

(b) Those specifications which contain trend display auto

correlations in residuals of the causal relation even when the 

variances of the random errors are zero. These specifications 

are, however, not substantially affected by increasing variability 

in the random errors. 

(c) Among the specifications with trend components case 2 has less 

autocorrelation than case 3. This is probably because of how 

Bi . ci Di far — is from — = —. 
2 2 2 

(d) Earlier in this section it is concluded that simultaneous 

trends in data may create serial correlation in residuals. 

ci Di Even if trend is eliminated — must be equal to — to 
2 2 

avoid serial correlation. Even if it is so, the trend adjusted 

specification is sensitive to random effects. 



(e) From (a)-(å) it is obvious that, in short-term modelling, 

there are arguments in favour of making a general specification 

of the residual processes - see sec. 2.2. Arguments in 

favour of trend adjustment follow from (b) - (c) where the 

trend factor alone is causing a large autocorrelation in 

the residuals. 

Although the situation in this section is unrealistically simple, 

this example shows the magnitude of the problem. Alternative attempts 

to illustrate the problem would lead to incorporation of more in

dependent variables and use of alternative ways of generating the 

observations in time, e.g. by ARIMA processes or by spectral densities. 

It is, however, not obvious that these extensions alter the conclusions 

reached here. Since the data generated in this simulation have definite 

spectral peaks at business cycle and seasonal periods and a long 

term (trend) effect would also be reflected in the spectra, nothing would, 

generally, be changed by starting from spectral distributions with the 

properties outlined above. It is believed that a generation of data 

by ARIMA processes would, generally, lead to the same conclusions since 

the generation of the time series would be made such that business 

cycles, seasonals and trends would be represented. 

With more exogenous variables included it is easily realized that 

the residual process (3.4.4) would be more mixed and as a consequence 

more restrictions would have to be fulfilled to make the residuals 

a white noise process. 

Another extension would be to illustrate the situation in connection 

with an interdependent system of equations. In such a situation it 

would be expected that the effect of using unadjusted data or adjusted 

data is independent of the size of system, i.e. the illustration might 

as well be based on a single equation approach. 

In applications, the interest is focused on the causal specification, 

such as (3.4.1). If the original data are used and they are not trend 

adjusted, serially correlated residuals are expected to appear as 



being due to unexplained cycles and seasonals. Furthermore, the 

specifications in time (such as 3.4.2-3) can be regarded as guide

lines for an interpretation of the source of the autocorrelation. 

The results of the simulation study indicate that autocorrelated 

disturbances are likely to prevail even if trends and seasonals are, 

removed from the data. In this case random fluctuations in the speci

fication in time may be cause of the autocorrelation. Thus, already 

at the planning stage of a short-term project one can be prepared 

to use (non-linear) estimation procedures, where a more general 

class of disturbance processes than the white noise processes is 

considered. 
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3.5 On the variate difference method in short-term causal models 

- a comparison vs two alternatives. 

The variate difference method, introduced by Tintner (1946), is often 

used in time series analysis as a device for achieving stationarity» 

(e.g. in Box and Jenkins, 1971). The more frequent use of the method 

of differencing in econometrics (mentioned by e.g. Leser, 1968, p.535) 

is often used as a technical device for reducing multicollinearity 

among the variables of a model. In this section it is regarded as a device 

for achieving stationarity (or adjusting for trends and/or seasonals) 

in short-term causal models. 

In sec. 3.3 and 3.4 it is claimed that there is evidence in favour of 

adjusting-for trends and seasonals in short-term causal models. The 

question is then: According to what principles should one, in a practical 

situation, choose an appropriate adjustment technique? In this section the 

objective is: 

to put together some considerations valid in applications 

to discuss the relative merits of differencing versus two 

basic alternative adjustment methods which both cover broad 

fields of application. 

to discuss the relevance of the proposed considerations viz-a-viz 

the criteria set forth by Lovell (1963). 

In comparing differencing and its two alternaitves the environmental 

conditions are kept as constant as possible and, consequently, the 

causal structure and basic data are common to all alternatives. Trends 

and seasonals are contained in the data and thus the conclusions drawn 

from the comparison are due to adjustment technique alone. 

The discussion, in this section is based on the following considerations 

(i) Estimation, interpretation of trend and seasonal components and 

loss of degrees of freedom 

(ii) Re-transformation of the data in forecasting 

(iii) Risk of multicollinearity and spurious regression 
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(iv) Autocorrelation among disturbances 

(v) The coefficient of determination 

(vi) Sensitivity to measurement errors 

(vii) Estimation of structural coefficients in lag distributions 

(viii) Parsimony in trend and seasonal representation and 

(ix) Lovelies criteria. 

The considerations (i) - (viii) above are of 'logical1 character and 

as such are important in applications. As opposed to (i) - (viii) we could 

discuss the more technical criteria which have been put forward by 

Lovell (1963) and according to which an 'ideal' adjustment procedure should 

have the following properties: 

• • a a 1. Sum preserving. The sum of adjusted series, (z^(t) +...+z^(t)), 
• a should be equal to the adjusted sum (z^(t) + ...+ z^(t)) . 

• . • a • The index 'a' refers to an adjusted value, i.e. z^(t) is the 

adjusted value of the original observation z^(t); i = 1,...,N. 

a 2. Product preserving. The product of adjusted series, (z^(t) )x 

x(z2(t)a)x ••• x(zN(t)a), should be equal to the adjusted 

product (t)xz2(t)x ... x2^(t))a. 

Lovell proves that no series can satisfy both criteria (unless 
a a • • • z(t) = z(t) or z(t) = 0) which means that, in practice, not even these 

simple criteria car. both be fulfilled. Stating that the first criterion 

is preferred Lovell claims that an 'ideal' adjustment procedure should 

have three other properties: 

3. Orthogonality: An adjusted component of a series is uncorrelated 

with the non-adjusted component, i.e. 

I (z.(t) - zi(t)a)*zf(t) = 0. 

4. Idempotency: If a series is adjusted twice, it should remain 

unchanged. 
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5. Symmetry: If a linear model of adjustment is used, so that 
â z (t) = Cz(t), then C is a symmetric matrix. Lovell proves that 

a sum-preserving method that satsifies two of criteria 3, 4 and 

5 necessarily satisfies the third. He also proves, in a seasonal 

adjustment context, that a sum-preserving procedure that is 

orthogonal and idempotent (and thus symmetric) can be executed 

by regressing the unadjusted time series on an appropriate set 

of variables explaining the seasonal variation. 

Consider a system where the following data is given 

Y(t) is a vector of N endogenous variables at time period t; 

t = 1,...,T, 

X(t) is a vector of M exogenous variables at time period t; 

t = 1,...,T. 

Against the background of a given structure and data, let us consider 

the following three basic approaches important in empirical short-term 

modelling: 

APPROACH 1: The difference approach. The i:th relation of the 

given system is 

(3.5.1) ou (L)y(t) + ß^DxCt) = u^t) 

s. 
where a.(L) = a.~+a.-L + ... + a. L ; 

i îO il is. 
i 

the j:th element of y(t) is (t) = V^VgY^Ct) 

r. = { max r..} 
i ij 

s. = {max s..} 
-1 1J 
i; j = 1,•..,N, 

" V  
T 
s vdvsY(t) 

T"d"DS t=d+DS S J 

r. 
ß.(L) = ß. . + ß..L + ... + ß. L 1 ; 
i îO il ir. i 
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x.(t), the j:th element of x(t), is defined as analogous to y.(t) 
J J 

d is the degree of consequtive differenting; d = 0,1,2,,.. 

D is the degree of seasonal differencing; D = 0,1,2,... 

S is the seasonal span, e.g. 4 in a quarterly model 

and u^(t) is the disturbance - or random component at time t in 

equation no i. 

Some of the exogenous variables may be lagged, i.e. 

W. . 
X.(t) = L 1Jx*(t) = xî(t - W..). 
J J J 

APPROACH 2: The original data approach. 

Trend and seasonal components are introduced in the linear model 

d S-l 
(3.5.2) - a. (L)Y(t) + ß. (L)X(t) + I Y|lrt + Z 5. S - u. (t) 

i i , T Ik ~ im m l k=l m=0 

where 06^(L) , are defined above, 

d is the degree of the trend polynomial, the seasonal component 

referring to season no m 

and anc* are> respectively, trend and seasonal coefficients 

APPROACH 3: The prior adjustment approach. 

(3.5.3) ai(L)y*(t) + ßi(L)x*(t) = u^t), 

where y*(t) and x*(t) are trend and seasonally adjusted prior to the 

estimation of cu(L) and ß^L) and 'mean corrected'. Here it is assumed that 

the trend elimination is. perfor med by fitting polynomials of t with #Hgree d 

(estimated by the principle of least squares) and that some ratio-to-

moving average device has been used to cancel out the seasonals of the 

trend adjusted data. 
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(i) ESTIMATION^ INTERPMITATIONJDF TREND AND £EASON^jCO^ONENTS 

AND LOSS _OF DEGREES* OF_JREEDOM^ 

The trend development of (3.5.1 - 3) is, for simplicity, assumed to 

follow a d:th degree polynomial for all included variables*^. The 

three alternatives are equivalent as regards the form of the trend 

function: If the trend is of degree d, a d:th degree differencing 

is appropriate in APPROACH 1, a trend polynomial of degree d 

should be included in APPROACH 2 or all the data should be adjusted 

by a d:th degree polynomial in t for each included variable in 

APPROACH 3. Corresponding assumptions hold for seasonal factors. 

In practise* d and/or D, are usually not higher than one or two 

(Box & Jenkins, 1971, p.93). 

APPROACH 1: No estimation of trend and seasonal components is per

formed. This is, in fact, one of the most important arguments in 

favour of the difference approach. 

The choice of d and/or D rests upon inspection of the original data. In 

differencing a vector of T original observations the number of lost 

observations is, generally, d+DS and an example of lost observations 

for common levels of d and D is presented in table 3.5.1 for S = 4, 

i.e. a qua?:terly model. 

Table 3.5.1 The number of lost observation vectors for different 
degrees of differencing. 

d < 2, Ü < 2 and S = 4. 

d, D d=0 
D=0 

d=l 
D=0 i 

C
N

 
O

 
II 

II 
T3 
P
 

d=0 
D=1 

d=l 
D=1 

d=2 
D=1 

d=0 
D=2 

,-
i 

C
N

 
II 

II 
T

3
 
Q
 

d=2 
D=2 

Number of 
lost ob
servation 
vectors 

0 1 2 4 5 6 8 9 10 

*) 

This restriction is imposed only to keep the conditions of the three 
approaches constant. In practise, the degree is not restricted to being 
the same for all variables of an equation. In the application of sec. 5.2 
we have, however, an over-all differencing of degree d = 0, D = 1 and 
S = 4. 



APPROACH 2: Estimation of trend and seasonal factors is performed 

simultaneously with the estimation of structural coefficients. The 

loss of degrees of freedom is then d+s and, in practice, APPROACH 2 

is equivalent to APPROACH 1 with respect to the loss of degrees of 

freedom since, in the difference approach, D is usually not greater than 

one. 

APPROACH 3: Estimation of the trend components is performed 

separately for the included variables in the model equation considered. 

After fitting the polynomials, the trend adjusted variables are obtained 

by taking the differences between original observation and the fitted 

polynomial. These trend-free data consist of seasonals, which are 

cancelled out by some filtering technique. 

This alternative is not favoured in this context since numerous 

separate estimations of trend components consume degrees of freedom. 

Furthermore, since each series is assumed to be serially correlated 

(due to seasonals and business cycles) for low degrees of d, the 

estimation of trend coefficients is not efficient. Thus, the trend 

adjusted data are obtained as the result of an inefficient estimation 

procedure. In the next step, filters are applied to these data in 

adjusting for seasonals. In the third step the (trend and seasonally) 

adjusting data are used in the structural model (3.5.3). One could 

then ask: What information is contained in the adjusted data and 

what information has been lost by the transformations? The answer is 

that considerable amounts of relevantinformation in data may be lost 

in the transformation process and that the ultimate model data may 

then become quite artificial. 

In the trend elimination, there is a loss of (N^+ML)(d+l) degrees 

of freedom in the first instance. Contrary to the other two alternatives 

the loss of degrees of freedom depends on the number of variables 

included in the equations. In adjusting for seasonals the loss of 

information for the ratio-to-moving average technique is not quantified 

in terms of degrees of freedom. In some of these techniques observations 

are lost at the beginning and at the end of a series but this is not 

so for all ratio-to-moving average techniques. 
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Discounting the effect of seasonal adjustment it is now possible to 

summarize the comparison between the approaches with respect to the loss 

of degrees of freedom. In table 3.5.2 three levels of d and a number 

of included factors are given for the equation considered. 

Table 3.5.2. Loss of degrees of freedom due to trend adjustment. 

Quarterly model. 

N. + M. 
l l Degree of 

differencing 
APPROACH 
12 3 

2 
d=l D=0 

d=2 D=0 

1 1 4  

2 2 6 

3 
d-1 D=0 

d=2 D=0 

1 1 6  

2 2 9 

4 
d=l D=0 

d=2 D=0 

1 1 8  

2 2 12 

As is seen APPROACH 3 has considerable disadvantages. If a system of 

equations is studied with a limited data material, the number of 

degrees of freedom might easily already be consumed in the adjustment 

of dat- , leaving no degrees of freedom for the structural estimation*). 

This point is not generally considered in applications since the amount 

of data with which the model is provided might (erroneously) be 

considered sufficiently large. 

*) 
The number of degrees of freedom necessary for estimating the structural 
coefficients of a system is for a k-class estimation technique 

T < N. + M. - 1, i = 1,...,N 
1 1 (Klein, 1974, p.184) 

T < M 

where T is the number of observations. 
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(ii) RE-TRANSFORMATION OF THE DATA IN FORECASTING. 

Forecasting motivates the importance of reconstructing the transformed 

data. Since, in many applications, the forecasts are desired in original 

form, not transformed, a retransformation of the model data must be 

considered. 

APPROACH 1 : Forecasts in dynamic models are given by the final form 

(2.2.10). After differencing and estimation, the i:th relation of the 

reduced form is given by: 

d D ~ ^ ^ ^ik " dD^ii~ 
(3.5.4) V VQ y.(t) = - E E a(L)ß. .(L)VaVçL 3x.(t) + 

1 k=l j=l b J 

+ E SÌk(L)0, (L)& (t), 
R=1 

^ik . . ^-1 
where a (L) is the i,k element of A (L); the inverse of the estimate 

^ * 
of A(L) and (L) is the k,j element of B(L) 

The forecast of y^(t) is given by performing the inverse operation of 

differencing. Since 

VdV°y (t) = E E (-l)h+m(J)Ôyi(t-h-mS) 
- la n n m x  
h=0 m=0 

forecasts of the level of the original observations are obtained by 

(3.5.5) £ (t) = E E (-l)h+m+1(J)(°)y.(t-h-mS) -
h=0 m=0 h m L 

h=m^ 0 

N M „ W. . 
- E E a (L)ß, .(L)vVl 1J x.(t) + 
k=l j-1 b J 

+ E a (L)0, (L)a,(t). 
k-1 
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The interpretation of this procedure is that estimation is performed 

in the difference form and the forecasts are given by retransformation, 

i.e. performing the inverse operation of differencing, of the endo

genous variable considered. 

APPROACH 2: Since the model is built on original observations no 

transformation is performed and thus, no retransformation is necessary. 

APPROACH 3: The data is transformed twice. In the first step, the 

trend adjustment, retransformation is possible but in the second step, 

the filtering of seasonals, no re-transformation is possible. 

Thus it is possible to restore the trend development in the endogenous 

variable in forecasting but not the seasonal component. 

(iii) RISK OF MULTICOLLINEARITY AND SPURIOUS REGRESSION. 

From the discussion in sec. 3.3 (table 3.3.1) it can be seen that 

the risk of multicollinearity and spurious regression is obvious 

for approach two, where simultaneous trends are contained in the data. 

If economic time series contain trends, as in approach two, a good 

fit is obtained in regressing one variable upon another irrespective 

of whether there is a causal relationship among the series or not. 

If an equation based on original data is not an appropriate 

approximation of the real process, the trends will merely produce 

spurious regression. This effect was first indicated by Yule (1926). 

Table 3.3.1 provides a good illustration of how good fit can be 

obtained for any variable at any time lag. The spurious regression 

is due to simultaneous trends which produce wide range(s) in the 

exogenous variable(s) and thus a good precision of estimated coefficient(s). 

If, furthermore, the endogenous variable(s) are trend-dominated a good 

fit is to be expected. The risk of spurious regression is thus most 

apparent in approach two. 
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(iv) AUTOCORRELATION AMONG THE DISTURBANCES^ 

APPROACH 1 : The variate difference method is designed to reduce multi-

collinearity in structural models or to adjust for trends and seasonals. 

The method can, in some situations reduce the autocorrelation among* the 

disturbances (as compared to a non-differenced approach) while in 

other situations autocorrelation can be introduced in the disturbances due 

to the differencing. 

The following example serve to illustrate this statement. 

In a single equation a real process of y(t) is generated by 

M 
(3.5.6a) y(t) = E ß.x.(t) + u(t) 

j=i J J 

where u(t) is serially correlated and generated by an AR(l)-process 

(3.5.6b) u(t) = (j)^u(t-l) + a(t). 

Here, a(t) is a white noise process with property (2.2.2). 

An alternative formulation of (3.5.6) would be obtained by quasi-

differencing the original observations by the operator (1 - (p^L) . 

The structure is then given by 

M 
(3.5.7) y*(t) = E (3.x*(t) + a(t) 

j=i J 2 

where y*(t) = (1 - (^UyU) = y(t) - 4>1y(t-l) 

x|(t) = (1 - <J>1L)Xj(t) = x.(t) - (}>1x^(t-l) 

and a(t) is a white noise process. 

If (f)^ was a known number in the estimation of the 

complication of having autocorrelated errors in (3.5.6a) is eliminated 

by using the linear structure (3.5.7) where a(t) is a white noise 

process. 

If is close to unity in the example above, first order differencing 

of y(t) and all xj(t) would (approximately) give serially uncorrelated 

residuals. 
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Considering (3.5,6a) as a real process, differencing would give 

the play process 

M 
(3.5.8) Vy(t) = £ $.Vx.(t) + v(t). 

j-i J 2 

Firstly, it must be pointed out that the specification of (3.5.8) implies 

that u(t) has an infinite variance. This is so since v(t) = Vu(t) = 

(1 - L)u(t) is equivalent to 

00 

u(t) = S v(t-j), 
j-0 

which, assuming stationarity in v(t) means that u(t) has no finite 

variance. 

Secondly, a general autocorrelation function for v(t) is given by 

p (j) = E[v(t)v(t-j) ] _ 2pu(j> Pu^ ^ Pu^+1^  
V E[v2(t)] 2(l-pu(l)) 

, E[u(t)u(t-j) ] 
where P (j) = o —àJ~ 

U E[u (t) ] 

If u(t) is a white noise process, the autocorrelation function of v(t) 

is given by 

pv(j) = i 

1 for j=0 

-1/2 for j=l 

0 for j=2,3, 

Thus, a white noise process in u(t) gives a coloured noise in v(t) 

Starting from the real process in (3.5.6a), can we find a general process 

for u(t) which leads to a white noise process in the error term of the 

play process (3.5.8)? The answer is that we cannot find such a process 

which would be of interest in applications. The reasons for this are as 

follows. 
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If v(t) is to be a white noise process, it is required that 

2Pu(j) ~ P (j~l) ~ Pu(j+1) * 0, for all j = 1,2,... . This implies a chain 

of restrictions which, expressed in p^fl), gives 

for j = 1 the restriction is p (2) = 2p (1) - 1 j u 
for j = 2 the restriction is Pu(3) = ^Pu(l) ~ 2 

• • 
• • 

• • 

for j = k the restriction is p^(k+l) = (k+l)Pu(l) - k 
• • -
• • 

In addition to these restrictions, all Pu(j) an^ must lie in the 

interval [-1, 1]. At j=k this implies 

kr i pu(1> i 1 

which, in the limit, means that puÇ1) equals one*). Thus, we obtain 

a limiting sequence of autocorrelations which point to an errcor process 

that is of no practical interest. 

The effect of differencing the data in a causal model is connected to 

what is the real and what is the play process. The example above starts 

from a real process in the non-differenced model and the play process 

is deduced from that specification. Although it can be argued that one 

has no knowledge of what is the real process in an empirical situation, 

the example above indicates the possibility of introducing autocorrelation 

among disturbances as a result of the difference method. There is thus 

a motivation for including in applications a general specification of 

the disturbances. 

APPROACH 2: As is seen in sec. 3.4 serial correlation in residuals is to 

be expected when data contain simultaneous trends. 

APPROACH 3: According to the Yule-Slutsky effect (Yule, 1927 and Slutsky, 

1937) in this approach also serially correlated residuals can be 

expected. The effect is due to the filtering of trend adjusted data which 

may produce autocorrelated residuals. 

*) 

For the AR(1) process in (3.5.6b) the autocorrelation function is 

pu(j) = (Box & Jenkins, 1971, p 57). The restriction leads to the 

same result as above, i.e. ̂  = 1 to make v(t) a white noise process. 
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(v) THE COEFFICIENT OFJDETERMINATION. 

2 
The coefficient of determination (R ) is often used as a measure of 

the goodness of fit of linear models. This instrument is, however, 

quite misleading in discriminating between models built upon differenced 

and non-differenced data. The following example, related to the model in 

sec. 5.2, will illustrate this point. The alternatives are based upon 

the same original data (quarterly observations). 

APPROACH 1 : Seasonally differenced observations. 

(3.5.9) V4y(t) = - 189.81 + 140.14V x(t); t = 5, ...,52 

2 /i 52 I 2 
RZ = 0.81 su = 410.18 (-/^ Z (V4y(t)-V4y(t)r ) 

Adjusted R2 = R2 = 0.80 

where ^y(t) = (l"L4)y(t): 

y(t) = consumption of paper and paperboard in 1000 metric 

tons (apparent consumption) in the United States, 

x(t) = index of industrial production, 1970 = 100, 

2 . . . R = the coefficient of determination, 

s = the standard error of residuals, 
u 

APPROACH 2: Original observations, no trend factor included. 

(3.5.10) y(t) = 1349.83 + 108.21x(t); t = 5,...,52 

n f1 ^2 ~ J* 
(-/•Tir 2 (y(t)-y(t)) ; r = 0.88 su = 479.30 (-• 2 (y(t)-y(t)) ) 

R2 = 0.87. 

2 The example shows that the difference approach gives a lower R but 

also a lower standard error than the non-differenced approach. The 

reasons for this apparent contradiction will be discussed below and a more 
2 

relevant measure of goodnesss of fit than R for the difference approach 

is proposed. 
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The forecasts of the difference approach are given by 

(3.5.9') y(T+A) = y(T+£-4) - 189.81 + 140.14V4x(t) 

while the forecasts of the non-differenced approach are given by 

(3.5.10') y(T+A) = 1349.83 + 108.21x(T+A) 

In the former expression 

r 
y(T+&-4) for Z < 4 

y(T+£-4) for £ >,.4 
y(T+£-4) = _ < 

when y(l)...y(T) are given. The difference model is then capable of 

giving four-step-ahead forecasts from time period T, based on original 

observations, i.e. y(T-4) y(T-3)...y(T). 

The residual variance of the two cases are compatible in terms of 

four-step-ahead forecasting since 

T T 
st = ti: 1 -  y«^ 2  -  t=ä z  [ y< f c > -  y< t _ 4 )  +  
U 1 * t-5 t=5 

T 
+ y(t-4) - î(t)] 2 = ̂  E tV4y(t) - V4y(t)Ì 2. 

/\ 

The difference between the two approaches lies in y(t) in (3.5.9?) and 

(3.5.101), respectively. 

For the difference approach 

T 
E [V.y(t) - V,î(t)] 2 

2 , t-5 (3.5.11) Ry = 1 - 1 - er T V 
4 Z [V,y(t) - V ]2 4 

t=5 4 

and for the non-differenced approach we have 

T 
E [y(t) - y it)} 2 

(3.5.12) R2 = 1 - ̂  = 1 - e 

£ [y(t) - y ]2 
5 
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From the residual variance it is concluded that the approaches are 

compatible since the nominators in ey and e are compatible. The 

denominators, however, denote different things and the contradiction 

in the example follows from this difference. A modification of (3.5.11) 

is obtained for the difference approach by performing the same 
. . 2 operations as in calculating the traditional R measure. 

TT T 
(3.5.13) E [y(t) - y ]2 = E [ y(t) - y(t)]2+ E [y(t) - y ]2 

^SSTOT^ ^SSRES^ ^SSREG^ 

By adding and subtracting y(t-4) in SSÜ17C we obtain 
Kr« b 

TT T 
(3.5.14) E t y(t) - y ]2 = E [(y(t)-y(t-4))-(y(t)-y(t-4))] 2 • E [Ç(t)-y] = 

t=5 t=5 t=5 

T T 
= E[V,y(t)-V,y(t)] 2 + E [Ç(t)-y ]2. 
t=5 t=5 

2 Using (3.5.14) we obtain an analogue of R for the goodness of fit in 

one-step-ahead forecasting of difference models 

T 
ss £ [V4y(t)- v y<t)] 

/ o  C  1 C N  T,2 , , RES t=5 (3.5.15) = 1 - e = 1 - — = 1 - — 
4 T0T ? r - I2 E [y(t) - y J 

t=5 

2 
which is compatible with R for non-differenced observations. Alternatively, 

—2 
a measure equivalent to R , is 

E [V y(t) - V,y(t)] 
t=5 

(3.5.16) F2 
v. 

= 1 - RES = 1 -

E ty(t) - y ]' 
t=5 

Su,7. 

TOT 

V, TOT 

where s „ is the residual variance for the seasonal difference approach 
u' 4 2 . . 

given above, s the total variance of the original observation, v__0  IUI Kil b 
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and being degrees of freedom associated with SSD1;,0 and SS^^, 
rui Küib lui 

respectively. In this context formula (3.5.16) is convenient since 

the number of observations in the denominator are not always the same 

as in the nominator. 

The general one-step-ahead forecast formula is given by 

Z(VdVgy(t) - vV?(t))2 
(3.5.17) tóuD = 1 - 2 3-5 

V VS Z(y(t) - y) 

and 

—2 su VdVe (3.5.18) FydyD = 1 - U'V VS 

S STOT 

where 

VvV ï tvdv^(t, - vdv°9(t,] 2 
b KXJO 

2 —2 In the example above, Fn = 0.910 and Fn = 0.906, which is m agree-
.4 ^ 

ment with the information about the standard error of residuals. 

The results above are easily generalized. If, e.g. successive differences 

are used the comparison between approaches can be performed from the 
2 . 

Fyd^D criterion as well as the standard errors of residuals, which for 
S 

approach 1 is the estimated one-step-ahead forecast standard error. 
2 Of course, it could be asked whether the R -measure, or alternatively 

_,2 
FydyD, is of interest in models which are intended for use in forecasting. 

Alternative measures for goodness of fit in linear models are suggested 

in Teräsvirta & Vartia (1975). They suggest an "inequality coefficient" 

which is calculated outside the estimation period 

2 (y(t) - y(t/T)) 

(3.5.19) e2 - T t=T+1 
f k T 

2 (y(t) - y) 
t=l 

A 

where y(t/T) is the estimate of y(t) based on observations 1,...,T. 
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2  2 .  R = 1 - ef is then a measure which could be used as an alternative 
2 . . to the R -measure. Other measures such as the Janus coefficient 

T+H 
j E (y(t) - y(t/T)) 

(3.5.20) J2 = — (or J = +/~T ) 

ì I (y(t) - y(t))2  
t=l 

developed by Gadd and Wold (1964) and the Theil coefficient (Theil, 1958) 

J\ V (y(t/T) - y(t))2' 
(3'5>21) U= A ^k1 ' /, T+k . • ° 1 U 1 1  

/£ E y (t/T) +/i E y (t) 
t=T+l t=T+l 

can be used in ex post forecast evaluation. 

(vi) SENSITIVITY TO MEASUREMENT-ERRORS. 

It has already been mentioned that measurement erors have more pronounced 

effects on the estimation of structural coefficients when differenced 

data are used (APPROACH 1), instead of the original data (APPROACH 2) in 

a system of equations. If priorly adjusted data are used (APPROACH 3), 

measurement erors are not expected to have substantial effects since 

the measurement error in one time period is "spread out11 in adjacent 

periods because of the filtering technique. 

(vii) ESTIMATI0N_0F ̂ TRUCT]^L_COEFFI_CIENTS^ INJ.AG^D^STRjLBUTWNS^ 

In econometric model building, lag-models are essential since effects may 

be spread out in tima. When the variate difference method is used to 

achieve stationarity, the stability conditions involved in lag-models 

are fulfilled and transfer functions or lag-models of type (2.2.15-16) are 

applicable with differenced data. One way of simplifying lag-structures 

is by letting them be polynomial. A general distributed lag relation is 
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(3.5.22) y(t) = E ß.x(t-j) + e(t). 
j=0 J 

Special cases among the class of polynomial lag distributions: 

(a) ßj — 3^ ; j - 0,1,... 

and 

(b) 3j = 30 + 3-j^ j + ß2J2 + + ^pjP' ^ = 

The (a)-type gives 

OO 

(3.5.23) y(t) = 3 E AJx(t-j) + e(t) 
j=0 

<==> 

y(t) - Ay(t-l) = ax(t) + e(t) - A.e(t-1). 

This class of lag models is known as the Koyck lag distribution (Koyck, 

1954). 

The (b)-type gives the Almon lag distribution (Almon, 1965). 

ss s 
(3.5.24) y(t) = 3  E x(t-j) + 3 ,  E jx(t-j) + ... + 3 E jPx(t-j) + e(t) 

j=0 j=0 p j=0 

Polynomial lag-distributions are, however, sensitive to the maximum length 

of the lag distribution and generally biased estimators are obtained, a 

fact pointed out by Cargill and Meyer (1974). Analytical expressions for 

the bias are derived in Teräsvirta (1976). In Teräsvirta & Vartia 

(1975) the consequences of mis-specifying the lag structure and the role 

of differencing is considered simultaneously. Biases are derived to the 

general lag model and for the differenced and non-differenced approaches 

under rather restrictive assumptions. A numerical example shows, under 

the given assumptions, that there is a considerably smaller asymtotic 

bias with the difference approach than there is with the non-differenced 

approach (Teräsvirta & Vartia, 1975, P* 16). Furthermore, the non-

differenced approach suffers from another serious drawback: autocorrelation 

in the disturbances due to simultaneous trends. 
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(viii) PARSIMONY ra_TREND_MD_SEASONAL REPRESENTATION. 

In Box & Jenkins (1971) one of the main principles in model building is 

parsimony. The purpose is then to find a model which is as parsimoniously 

represented as possible. In considering large systems of equations 

based on a limited number of observations this principle becomes even 

more important since one cannot be too generous in spending degrees of 

freedom. Although possibilities of dividing the system intoo blocks exist 

(e.g. Bray, 1975), one should always try to be parsimonious in using 

the available degrees of freedom. If this is not done, undersizing may 

be expected in many applications. An attempt to solve this problem in 

an application is to use the smallest possible numbers of d or D so that 

the model assumption and stability conditions are fulfilled, saving as 

many degrees of freedom as possible for structural estimation and by 

ensuing that the model gives a reasonable fit. 

APPROACH 1 : One example can serve to illustrate the situation. The 

demand for paper and paperboard in France (FRCO) (fig. 3.5.1) is a time 

series with predominating trend and seasonals. In considering FRCO as 

explained by the index of industrial production (FRXP) (fig. 3.5.2) it is 

found that FRCO and FRXP have a corresponding seasonal development. 



FRCO 

Fig. 3.5.1. FRCO(t) = (Apparent) 
u j 1500 Consumption of paper and paperboard 

in France (1000 metric tons) at time 

period (quarter) t; 

t = 1963:1,... ,1975:1V 

1000 

1963 

FRXP 
Fig.3.5.1. FRXP(t) = Index of * 

industrial production in France 

at time period (quarter) t; 

t = 1963:1,...,1975:IV 100 • 

50 .. 

•t 
63 
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Following the methodology of Box & Jenkins (1971, Ch. 11) the series 

should first be prewhitened before fitted. The prewhitening would 

probably lead to an assessment of a first order seasonal and successive 

differencing (of original data or logs of original data; here original 

data). 

(3.5.25) ̂  
a(L)V1V4FReO(t) = 3(L)V1V4FRXP(t) + u(t) 

4> (L)u(t) = 6 (L)e(t) 

where V^x^) = (1-L) (1-L4)x(t) and V1V^x(t) = V^xtt) " Py y XJ 
1 4 

1 T 

My y 2 V1V,x(t) . 
14 T-5 6 14 

Based on the properties of the FRCO and FRXP series the seasonal pattern 

in one could be explained by the other. Thus, an alternative to (3.5.25) 

would be 

(3.5.26) 
a(L)VFRCO(t) = ß(L)VFRXP(t) + u(t) 

<)>(L)u(t) = 0(L)e(t) 

i.e. successive differences are used. The corresponding seasonal 

variation in VFRXP(t) can then be expected to explain the large seasonal 

variation in VFRCO(t). The following estimated models are proposed. 

Seasonal and successive differencing: 

V^pRCCKt) = 21.6899V1V4FRXP(t) t = 5,...,47 

R2 = 0.4503 su = 74.3439 

Fy = 0.8800 DW = 2.7714 

Successive differencing: 

VFRCÖ(t) = 10.8156VFR&P(t) t = 1,...,47 

R2 = 0.9034 s = 54.0971 
e 

F2 = 0.9313 DW = 2.2108 
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The estimated autocorrelation are presented in fig. 3.5.3, 

Fig. 3.5.3. Autocorrelation of residuals (r, ) 

1 -
the V^V^-approach 

.... = the V̂ —approach 
+ A T # 

= - 2a limits under white noise 

assumptions 

i/ \ » k = number of lags 

Four arguments can be given in favour of the simple V-operation in 

the example: 

a) the successive difference approach provided a better fit, 

and consequently a smaller one-step-ahead forecast error, 

b) the loss of degrees of freedom in the V-operation is 

smaller than that of the V^V^-operation, 

c) the residuals of the successive difference model indicate no 

departure from white noise, 

d) the residuals of the seasonal and successive difference model 

indicate incorporation of two MA-components in the disturbances: 

One at lag 1 and one at the seasonal lag, 4. Two further 

degrees of freedom would then be expended on estimating 

moving average coefficients. 



89 • 
Thus, in models with trends and seasonals it would be worthwile to 

study some simple devices for adjustment before investigating more 

complex ones. It could, furthermore, be argued that the prewhitening 

procedure, although appealing in many situations, can lead to more 

complex transfer function models than necessary. 

The example shows how the principle of parsimony - with regard to trend 

and seasonal differencing -can save degrees of freedom and a better fit 

can be obtained. The empirical situation considered in Ch. 5 is another 

example where trend, and seasonals are simultaneously "eliminated" in 

one operation. In that example seasonal differencing by the operation 
4 

(1-L ) is performed. 

APPROACH 2: As in APPROACH 1 even here there are possibilities of 

saving degrees of freedom. As mentioned above seasonal components in 

a causal model are included if the model contains residuals with 

seasonal variation. The "net11 seasonal effect is captured by the 

seasonal components. The trend factor is correspondingly motivated: 

The trend variable is supposed to explain trend variation if the 

residuals of model, without trend factor, indicate trend domination! 

In this situation the included trend factor would play the role of "taking 

care of trend variation" in the endogenous variable. Thus, if residuals 

from a model without trend and seasonal components indicate that nothing 

would be gained by including them, a parsimonious representation would 

be achieved by deleting them from the model. 

APPROACH 3: The situation is entirely different here. Since the adjust

ment takes place prior to the causal analysis trend and seasonals would 

be eliminated if the single series contained trends and seasonals. 

Ways of saving degrees of freedom cannot be expected in this alternative. 

(ix) L 0 VE L L^S_C RI TE RIA. 

Even if, in the considerations above, the variate difference method seems 

to be favoured, it is not favoured with respect to Lovelies (1963) 

criteria. In the case of first order differencing it can easily be 

confirmed that the method is sum preserving but has none of the other 

properties. In quasidifferencing by the operator (1 - <()^L) , where cj>^ 

is the autocorrelation of the disturbances at lag 1, this method has 

the sum preserving and orthogonal properties but none of the other 

criteria. 

Since Lovelies criteria are not fulfilled for d = 1 they cannot be 

fulfilled generally in differencing the observations in the time domain. 
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For APPROACH 2, however, criteria 1, 3, 4 arid 5 are, in the simple 

equation situation fulfilled if the included trend and seasonal 

factors are estimated by a least squares technique (Lovell, 1963,p. 1001). 

In APPROACH 3, Lovell (1963) finds that none of the criteria are fulfilled. 

Lovelies criteria are mainly developed for a comparison of ratio-to-

moving average methods to least squares methods in seasonal adjustment. 

The method of variate differencing is not mentioned in Lovelies paper. 

Except for a brief discussion of the problem of degrees of freedom in 

estimating seasonal components there are few similarities between this 

paper and Lovelies discussion for the following reasons: 

in this paper systems of equations are mainly considered. Well-

explored single equation properties such as those proposed by 

Lovell may be irrelevant for systems of equations. Furthermore, 

loss of degrees of freedom due to estimated trend and seasonal 

components (or difference operators) is more crucial in systems 

of equations than in single equations since it may give rise 

to undersizing in systems, 

trend and seasonal adjustment are taken up simultaneously here 

leading to a greater complexity as regards included terms, 

difference operators etc. 

the consequences of autocorrelated disturbances, multicollinearity 

and spurious regression are taken up here in the context of 

adjustment of original data. 

As a consequence of the more complex situation considered here, a less 

technical discussion of the proposed considerations is taken up than 

in Lovell (1963). 

To sum up the somewhat lengthy discussion, the reasons for and against 

the various alternatives are shown in table 3.5.3. Although all methods 

have their disadvantages, the difference approach seems to be favoured 

in the light of the considerations proposed here. 



Table 3.5.3. Arguments for and against the three approaches 

For Against 

91. 

APPROACH 1: 

Differencing 

No estimation of trend and seaso
nal components. 

Reconstruction of original 
observations in forecasting. 

Stability conditions fulfilled 
(Box & Jenkins, 1971, Ch. 11). 

Control of the number of degrees 
of freedom lost in transforming 
the original observations. 

Designed to explain short-
term behaviour. 

Allows for parsimonious 
representation of trends and 
seasonals. 

Loss of degrees of freedom due to 
differencing and inclusion of a 
general error specification. 

Autocorrelation in disturbances may 
be due to the differencing. 

Sensitivity to measurement errors. 

Risk of biased estimation in lag 
models. 

Lovell's criteria not fulfilled. 

\PPROACH 2: Original observations used in 
the model. 

The original Control of the numbers of 
data approach degrees of freedom lost in 
with trend estimating trend and seasonal 
and/or sea- coefficients. 
sonai factors TT. , c , „ , . High coefficient of deter-
mcluded . . _ j j _ , mmation expected-due to trend. 

Relatively intensitive to 
measurement errors. 
Allows for parsimonious 
representation of trends and 
seasonals. 

Lovell's criteria fulfilled 
in the single equation 
situation. 

Estimation of trend and seasonal 
components. 

Loss of degrees of freedom due to 
estimation and inclusion of a gene
ral error specification. 

Not designed to explain short-term 
behaviour. 

Risk of spurious regression. 

Risk of multicollinearity. 

Stability conditions not fulfilled. 

Risk of biased estimation in lag 
models. 

APPROACH 3: 

Prior 
adjustment 

Relatively intensitive to 
measurement errors. 

Stability conditions ful
filled. 

Allows for an unstable 
seasonal pattern. 

Doubtful quality of model data due to 
two operations on original observations. 

Waste of degrees of freedom in trend 
adjustment. 

No control of degrees of freedom lost 
in the seasonal adjustment. 

Reconstruction of original data in fore
casting not possible due to the 
seasonal adjustment. 

Autocorrelation among residuals may 
call for a general error specification 

Risk of biased estimation in lag models, 

Lovell's criteria not fulfilled. 
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4. SHORT-TERM CAUSAL MODELS WITH AUTOCORRELATED DISTURBANCES. 

4.1 The presence of autocorrelated disturbances in causal models. 

The problem of autocorrelated disturbances in econometrics is well 

known in application and is extensively treated theoretically. It 

is of special importance to consider this problem in a short-term 

context since, as "the unit time period is sliced more finely, there 

is more likely to be correlation between the disturbing factors in 

an economy during successive periods" (Klein, 1974, p.419). The 

results of sec. 3.4 and the application of Ch. 5 are further arguments 

for considering more general error structures than the white noise 

processes defined in (2.2.2). 

In this section the reasons for and consequences of autocorrelated 

disturbances are discussed. Various attempts to solve the estimation 

problem of autocorrelated disturbances for systems of equations are 

presented in sec. 4.2 and an estimation procedure for recursive 

systems is proposed in sec. 4.3 with reference to the recursive 

structure of the model in Ch. 5. 

The presence of autocorrelated disturbances in a causal model is 

generally thought to be due to a mis-specification of the model 

structure; it might even be a mis-specified error structure. In short-

term modelling it can be argued that the real processes are such 

that autocorrelated disturbances are expected to exist, a statement 

motivated e.g. by the results of sec. 3.4. Thus, in a short-term 

causal context, autocorrelated disturbances are one aspect of the 

model structure which should be taken into account in the model 

building process. 

I. Jleasoirs _for autocorrelation among the^ di ̂urbane e s_. 

Except for a mis-specified error structure, autocorrelated disturbances 

may arise as a result of one or a combination of the following 

specification errors. 



93. 

(i) Omission of an explanatory variable. Many (economic) time 

series are often positively autocorrelated. The reason for 

this is that economies grow slowly and sudden shifts in the 

series occur very rarely. Omitting an explanatory variable 

in a separate relation is thus likely to cause autocorrelation 

in disturbances since the autocorrelation in the endogenous 

variable may not be completely explained. 

(ii) Mis-specification of the functional form of a model equation. 

If, for instance, a linear relation is assumed (in the play 

process) while the unknown real process is non-linear (in variab

les) one is likely to find spectral peaks at low frequencies 

for the residuals. 

Inappropriate model data. If, in a short-term model with, e.g., 

monthly or quarterly data, some variables are obtained from 

official publications in seasonally adjusted form only, the 

model may contain serially correlated residuals. This may be 

due to an unexplained seasonal pattern in the endogenous 

variable if the exogenous variables are priorly adjusted or, 

if the endogenous variable is priorly adjusted, a seasonality 

among the exogenous may cause autocorrelated residuals. 

Measurement errors are other complications which, in affecting 

successive observations in a dynamic structure, may cause 

autocorrelated residuals. The same is true for sudden shocks 

in a dynamic system which are spread over a number of periods 

and these may then create autocorrelation among the residuals. 

(iv) Inadequate lag structure. If an endogenous variable depends on 

the lag structure of an exogenous variable, autocorrelated 

residuals may occur due to a mis-specification of the lag-

structure . 

(v) Short time-span between successive observations. It seems 

to be widely accepted that autocorrelation tends to occur to 

a greater extent with quarterly models than with annual models 

(e.g Klein, 1974, Ch. 9). Selen (1975, pp. 12-13) demonstrates 

that some well-known quarterly models tend to have more 

significant first order autocorrelations in residuals than a 

number of annual models.Although significance testing for 

(ill) 

I 



inconcistent estimates and inefficient forecasts can be expected 

Now, let us consider a model where the autocorrelated disturbances 

are accounted for. Although the inclusion of a model structure for 

the disturbances has some negative implications with respect to an 

increased complexity in estimation, this is not obviously true in 

forecasting. If, for instance, a large residual is obtained during 

the last observation period as compared to the previous residual 

process, it would be appropriate to use this important piece of 

information for producing more reliable and stable forecasts. If, 

on the other hand, no model structure is assessed for the auto

correlated disturbances, no account is taken of the information 

contained in the last residual(s) in forecasting. 
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4.2 Models with multivariate autoregressive or moving average 

disturbances. 

When the existence of autocorrelated residuals in an application is 

discovered, usually by studying the autocorrelation function of the 

residuals, a model for the disturbances should be specified, e.g. 

according to the behaviour of the autocorrelation function. In Box & 

Jenkins (1971, Ch. 3) methods are presented for single equation 

specification (or - in Box & Jenkins" terms - identification) of a 

parsimonius and general error structure. In the context of a system 

of equations, we consider multivariate autoregressive (AR) processes, 

i.e. $(L)u(t) = a(t), or moving average (MA) processes, i.e. u(t) = 

= 0(L)a(t) or a combination of the two,ARMA-processes; $(L)u(t) = 

= 0(L)a(t). A dynamic model with a multivariate ARMA specification 

of the disturbances is 

(4.2.1) 
A(L)y(t) + B(L)x(t) = u(t) 

$(L).u(t) = Q(L)a(t) 

or, assuming 0(L) to be invertible, its restricted transformed system 

(RTS) is 

(4.2.1') 0_1(L)$(L)tA(L)y(t) + B(L)x(t)] = a(t). 

As mentioned above in sec. 4.1, the existence of autoregressive 

disturbances may be interpreted as due to a mis-specified lag 

structure. The following two examples illustrate different inter

pretations of the existence of autocorrelated disturbances. The 

first situation, considered by Pierce (1971, 1972) concerns an 

AR specification of the error- structure in the context of a uni-

relational dynamic regression model 

M 
(4.2.2a) 

(4.2.2b) 

y(t) + £ ß-.x. (t) = u(t) 
j=l J J 

<f>(L)u(t) = a(t) 

where 4>(L) = 1 + c(^L +...+ 
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Its restricted transformed equation (RTE) is 

p M MP 
(4.2.3) y(t) + I <j>(,y(t-£) + Z ß x.(t) + £ Z ß.x. (t-ß) = a(t). 

1=1 * j=l 3 3 j=i l-l * 3 3 

This non-linear expression in parameters may be replaced by a linear 

expression, an unrestricted transformed equation (UTE), with the same 

number of lags in the explanatory variables: 

p MP 
(4.2.4) y(t) + Z a9y(t-Z) + £ Z 3. x.(t-£) = a(t). 

A-l * j=l £=0 31 3 

The model building process in this situation might follow these steps: 

(i) (4,2,2a) is proposed as a preliminary structure 

(ii) in the diagnostic checking of residuals an autoregressive 

model for the disturbances is proposed. 

If this line is followed, the ultimate model is (4.2.3). Alternatively, 

a third step in the procedure might be included. 

(iii) Regarding (4.2.3) and (4.2.4) as the alternative play processes 

of an unknown real process, the UTE - as well as the RTE - might 

be fitted. The alternatives are now compatible with respect 

to fit. If (4.2.4) is chosen as the most appropriate model, 

the Autocorrelation in the disturbances, u(t) in (4.2.2a), 

are interpreted as due to a mis-specified lag structure. 

When comparing RTE and UTE a few comments on their respective properties 

should be given. Though (4.2.4) is linear in parameters, and thus easier 

to estimate, (4.2.3) is often more parsimonious as regards the number of 

parameters to be estimated. In (4.2.3) there are p+m parameters, while in 

(4.2.4) p+mp structural parameters are to be estimated* The same number of 

parameters are used only for p=l. The difference in number is m(p-l), 

which indicates that a high order of the autoregressive process and a 

large number of exogenous variables produce a large number of lost de

grees of freedom. This comment may be irrelevant for unirelational models 

but becomes crucial for systems 

f 
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of equations, especially for those of considerable size. For uni-

relational models the validity of (4.2.3) versus (4.2.4) can be 
2 

tested according to a x -criterion (Hendry, 1974, pp.563-564). 

As a second example, consider a first order moving average error 

specification in the unirelational case: 

M 
(4.2.5a) 

(4.2.5b) 

y(t) + S 3.x.(t) * u(t) 
j=l J J 

u(t) = 0(L)a(t) 

where 9(L) = 1 + 9^L . 

Its RTE is 

M 
e_1(L)y(t) + 0_1(L) S B.x.(t) = a(t) 

j-1 J J 

or 

00 Î4 00 M 
y(t) I (-6 )%(t-2.) + Z ß.x.(t) + E Z (-9 )Äß.x. (t-Ä) = a(t) 

Jt=l j=l J J 1=1 j-1 31 

The discussion of the choice between a RTE-form or UTE-form is no 

longer valid since the lag polynomials in the dependent and independent 

variables are of infinite order. Thus, in applications where a lag 

distribution contains a large number of terms, an MA-specification of 

the disturbances such as (4.2.5b) might be considered as a parsimonius 

alternative. 

These examples serve to illustrate various lines of action that can 

be followed when the nature of the residuals is explored. 

The remainder this section consists of a brief summary of the 

literature for AR and MA-specifications of the error structure. 

This presentation is followed by some comments leading to a proposal 

for more flexible strategy; a multivariate ARMA model with the number 

of AR and/or MA parameters determined separately in each equation. 
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I. Multivariate AR-processes in disturbances. 

In this situation 0(L) = I and (4.2.1) reduces to 

fA(L)y(t) + B(L)x(t) = u(t) 
(4.2.7) 

i(t) = a(t) |$(L)u( 

The cases considered below are concerned with four aspects of (4.2.7) 

(i) the degree of the multivariate AR-process 

(ii) whether or not $(L) is a diagonal matrix and 

(iii) whether or not (4.2.7) contains lagged endogenous variables 

(iv) the criterion for estimating parameters, i.e. full-information 

or limited-information, least squares (LS) or maximum-likelihood 

(ML) methods. 

Remark 1. Diagonality of <P(L) in no way implies diagonality in the 

covariance matrix*) of the error terms. For instance, in the AR(1) 

case with diagonal $(L), 

$(L) = I+$^L where 
^ii"0 

0 • • • •$., 
lpj 

E (u(t)u1 (t) ) = $u « + $a. 

Thus, if is unrestricted positive definite so in general is $ too. 

Remark 2. Introducing lagged endogenous variables indicates a compli

cation since the current disturbances and the lagged endogenous variables 

are not, generally, uncorrelated. According to the methodology presented 

later this implies, for LS methods, the use of an increased number of 

instruments instead of lagged endogenous elements in estimating structural 

coefficients. 

*) 

The same conclusion holds for multivariate MA processes too. 
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The simplest situation is the one with a multivariate AR(1) process 

in the disturbances, a diagonal matrix and no lagged 

endogenous variables introduced. Sargan (1961; defines a FIML estimator 

(here denoted FIMLA) and a limited information method analogous 

to LIML (called SLI = Sargan's limited information maximum likelihopd 

estimator). In Amemiya (1966) a 2SLS-analogue (denoted S2SLS) is 

derived for this situation and SLI and S2SLS are related in the same 

way as LIML and 2SLS are related in the k-class. Under ordinary 

circumstances SLI and S2SLS are consistent. A modified version of 

S2SLS (denoted MS2SLS) is presented in Amemiya (1966). This estimator 

is consistent but has, compared to S2SLS and SLI, a reduced asymptotic 

efficiency. 

One critisism of this approach is raised by Fair (1970), who claims 

that the (large) number of instruments used in the first step of S2SLS 

and MS2SLS is likely to exceed the number of observations available 

even for medium-sized models. Fair proposes an estimation procedure 

which is similar to S2SLS and where knowledge of the reduced form is 

utilized. One way of reducing the number of instruments is by using 

the knowledge of which exogenous variables enter in separate equations. 

If xj(t) enter the i:th equation and no other equation, x^(t) and 

Xj(t-l) need not necessarily be treated as separate variables since 

they enter only as x.(t) - d> . . nx. (t-1). If a consistent estimate of 
J ni J 

(p.. is available, then knowledge of this restriction can be used, 
111 

and they enter first stage regression only as xj(t) iiixj * 

This means that in the first stage S2SLS could be used to compute 

consistent estimates of ó ... In the second stage the number of 
ill 

instruments could be reduced according to Fair's suggestions. 

A second critisism of this approach is the absense of lagged endo

genous variables in the system. Short-term dynamic models are likely 

to include lagged endogenous as well as lagged exogenous variables. 

Straightforward estimation according to Sarganfs, Amamiya's of Fair's 

procedures would yield inconsistent estimators when lagged endogenous 

variables are present. Thus, instruments must be introduced to eliminate 

the (asymptotic) correlation between lagged endogenous variables and 
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structural disturbances. Dhrymes, Berner and Cummins (1974), therefore, 

suggest an estimator which takes into account introduced first 

order lagged endogenous variables. In an AR(1) process with a diagonal 

, a consistent 2SLS analogue (denoted CSLSA), an instrument 

variable technique and a 3SLS variant are derived. All proposed 

estimators are iterative (as are the procedures introduced by Amemiya, 

Sargan and Fair). 

Dropping the assumption of diagonality in $(L) Hendry (1971, 1974) derives a 

FIMLA-estimator according to the following conditions: A general multi

variate AR(p)-process in disturbances, $(L) is not restricted to being 

diagonal and lagged endogenous variables are introduced. The proposed 

method is numerical using an algorithm of Powell (1964) and is based 

on direct maximation from function values. 

In Chow and Fair (1973) a multivariate AR(1), which can easily be 

extended to a general AR(p), is considered. No lagged endogenous 

variables, however, are introduced in this approach. A maximum likeli

hood estimator is proposed, which provides a numerical solution. 

Dhrymes and Erlat (1974) have proposed an analogue of 3SLS for the case 

where is full and one period lags are permitted in the endogenous 

variables. 

Turning to the general AR(p)-case and non-diagonal $(L), Fair (1972) 

suggests a "full information instrumental variable efficient estimation 

technique11 (FIVER)*). Lagged endogenous variables are not, however, 

introduced in this approach. The method is, as one would expect, 

iterative. In each iterative step there is a mutual dependence on 

consistency of estimators in one set of parameters when estimating 

the other. 

There have been other attempts to study the effects of including a 

multivariate AR(p) process in disturbances without lags in endogenous 

variables: Madansky (1964), Wickens (1969) and Seien (1975) consider 

analogues of the generalized 2SLS (G2SLS), due to Theil (1958). Selen 

(1975) presents an analogue of 3SLS and its properties are discussed 

for the case of a general AR(p) process in disturbances. Selen (1975, 

Ch. 6) also presents a fix-point estimator in the general AR-case for 

serially correlated disturbances. 

The diagonal case is considered in a limited information analogue 

(LIVER) of the FIVER estimator, Fair (1972, pp 447-449). 
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enter their system. Their comment on this issue is that "it seems 

fairly certain that our theorems will generalise so as to hold when 

x(t) contains lagged y variables and we hope to investigate that 

question later" (Hannan & Terell, 1973, p. 300). The Hannan & Terell 

(HT) estimator is a two-step full information method similar to 3SLS. 

The HT-estimator, designed for a multivariate moving average process, 

has many appealing features, one of which is the use of spectral 

densities of disturbances in the estimation. It is thus possible to 

take direct account of the autocorrelated disturbances in estimating 

reduced form coefficients. No attempts are made, however, to obtain 

estimates of any of the coefficient vectors in the multiple moving 

average processes. This is not necessary if the only objective is to 

estimate the structural coefficients. This is so bacause information 

about the pattern of disturbances is efficiently brought into the 

estimates of the structural coefficients. If, on the 

other hand, forecasting is the ultimate objective it would be 

desirable to obtain estimates of the moving average coefficients 

(assuming that beyond some non-negative integer, all coefficients 

are zero). If this is not performed, all forecasts of u(T+£) (£=1,2,...) 

will be set equal to E(u(t)) = 0 which means that, in forecasting, 

one does not take into account the pattern of disturbances. No 

estimates of 0(L) are provided in the HT-procedure, but these might 

easily be calculated after the HT-estimator is derived. The properties 

of the estimator of 0(L) , however, are not investigated. 

Some general comments should be made with respect to the methods 

presented in this section. 

(i) Asymptotic theory. If additional observations in time are 

available, it is comforting to know that the estiamtors become 

more reliable. On the other hand, the time series available 

in economic applications are rarely long enough for 

asymptotic theory to be of interest.The large sample properties 

are often regarded as 'minimum requirementsT of an estimator. 

After these are explored, its small sample character can be 

studied. The literature presented here does not, however, 

always center around proofs of consistency (proved already 
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in the initial stages in some iterative procedures) but 

also around applications (e.g. Sargan, 1964, Hendry, 1971, 

Zellner & Palm, 1974) and Monte Carlo simulations (e.g. 

Amemiya, 1966, Selen, 1975). Very few attempts have been 

made with regard to forecasting, i.e. how models built 

on finite time series behave in a forecast context. It 

is not self evident that consistent estimators will give 

more optimal (ex post) forecasts than inconsistent estimators. 

However dealing with this problem is not within the scope 

of the present paper. 

(ii) Specification of the multivariate error process. Firstly, it 

must be decided whether or not the multivariate error process 

is of AR- or MA-type. Secondly, appropriate degrees (p or q) 

must be determined. 

This over-all specification of the multivariate process 

obviously involves compromises. Since individual equations 

may display residuals following a process different from those 

of other equations, imposing an inappropriate model of the 

errors may lead to inefficient estimation and forecasting in 

the equation considered. It is well known that MA-processes 

may be approximated by AR-processes and vice versa. The price 

of this approximation is, however, loss of efficiency and 

degrees of freedom. 

Consider the following hypothetical situation: A multivariate 

AR(p)-process with diagonal elements only is suggested as a 

model for the disturbances. The real process in a specific 

equation, the i:th say, is, however, of MA(1) type. 

The real process is 

u.(t) = a.(t) + 0.-a.(t-l) ̂ u.(t) = 0.(L)a.(t) 
i  i  i l l  i  i v i  

and the play process is 

u^(t) + $iiui(t-l) + ...+ u^(t-p) = ai(t) « 

$^(L)u^(t) = a^(t) . 
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Assuming the real process to be invertible 

i 00 i 
a. (t) = 0. (L)u.(t) = I 0. u.(t-s) 

JUO 11 1 

which means that for element no I in the real process 

approximates • T^us > specifying the processes 

of disturbances by making an over-all specification of 

AR(p)- or MA(q)-type, efficiency in estimation may be 

lost as well as degrees of freedom. 

Even if all equations are adequately specified in a multi

variate AR or MA process the degrees of the processes 

must be determined. The meaning of e.g. a multivariate 

AR.(p) process is not fully explained in the literature. 

Here, p is interpreted as {max p^} for i = 1,...,N, i.e. 

the maximum length of lags in individual processes. 

Individual processes with p^ < p contain p-p^ non-significant 

coefficients. It is not explicitly stated in the literature 

whether these coefficients are estimated or not. A fair 

guess would be that limited information methods, i.e. 

analogues of LIML and 2SLS for instance, allow for coefficients 

restricted to zero in individual equations. In full information 

methods, analogues of FIML and 2SLS for instance, however, 

it is not clear what is the implication of an inclusion of 
N 
£ (P""P-) zero restrictions. In sec. 4.3 an alternative is 
i=l 1 

presented in which the disturbances of each equation are 

considered separately. Individual equations may be of AR(p^) 

or MA(q^) type or a mixture of the two; ARMA (p^,q^). 

(iii) The assumption of normally distributed disturbances in ML-methods 

is not self-evident. It has been questioned in connection with 

econometric applications (see e.g. Nyqvist and Westlund, 1977 

or Bartels, 1977). In situations where disturbances tend to 

follow heavy-tailed distributions principles other than the 

least square may be proposed. L^-norm estimators seem to be 

preferable in situations where it is open to question whether 

or not the disturbances have finite variances (Westlund, 1975, 

p. 14 and sec. 4.3). It is not known whether any attempts have 

been made to obtain an estimator for the case with autoregressive 

and/or moving average residuals for the L^-norm. No such attempts 

are proposed here. 
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4.3 Recursive models with a multivariate ARMA-process in the 

disturbances. 

The classical argument in favour of recursive systems (or causal chains) 

is that the influence of an explanatory variable upon an explained one 

takes time to come into effect and, consequently, the more frequently 

observations are taken the more probable it is that time lags will be 

found between explanatory and explained variables. Thus, for a specific 

equation of a system both exogenous and "right hand" (explanatory) en

dogenous variables occur in short-term models with time lags with regard 

to the (explained) endogenous. It is even claimed that interdependent 

systems can be regarded as approximations of recursive systems; the 

approximation being due to a too high aggregation level in time. 

"In fact, causation takes time, and the reactions given by the equations 

of the model truly occur not instantaneously but with a very small time 

lag. Unfortunately, however, data do not come to us sufficiently finely 

divided in time to allow us to observe such fast-moving reactions, so 

we take simultaneous instantaneously-holding reactions as approxima

tions, valid between the observations that nature allows us" (Fisher, 

1970, p. 74). 

As time disaggregated economic time series are increasingly available 

"this tends to enchance the role of "recursive" formulations (simply 

construed as having all regressors predetermined)..." (Hendry, 1974, 

p. 560). 

Partly as a consequence of t he arguments given above the short-term 

causal model presented in Ch.5, has a recursive structure. Furthermore, 

the reasons for obtaining a recursive system in the application are the 

causal structure, which indicates recursivity in its schematic form (an 

arrow scheme) and the a ssessment of what variables are considered as 

endogenous and exogenous in the model. 

It should be noted here that the (subjective) assessment of which va

riables are to be explained by the model and which are explanatory has a 

direct influence upon whether a system is interdependent, recursive or a 

set of independent regression models. The treatment of recursive systems 

here does not mean that a recursive formulation is the only valid one in 

a short-term context; the decision about whether the model is interde

pendent, recursive or a set of independent regression models must be 

made in the actual empirical situation. Later in this section a brief 
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outline of attempts to solve the estimation problem is given for 

ID-systems for an analogue estimation procedure of 2SLS in a 

multivariate ARMA specification of the disturbances. The following rest

rictions on the general model (2.2.14-15) are introduced: 

(i) The matrix AQ for current endogenous variables is sub-

diagonal, i.e. elements a.of A~ are zero for j > i and 0 ijO 0 
a normalization rule is adopted in which the diagonal elements, 

aii0 are restr:'-cte^ to being unity; i = l,...,N. 

(ii) A^(L) is stable, i.e. the roots of the A^(L) = 0 lie 

inside the unit circle. 

(iii) $^(L) and 0^(L) are stable in the same sense as A^(L). 

*.(L) 
(4.3.1) (iv) F.(L) = — and B.(L) have no factor of A.(L) in 

1 9.(L) 1 1 
common. i 

This assumption is made to avoid parameter redundancy (Box & 

Jenkins, 1971, pp. 248-250). 

(v) $(L) and 0(L) are diagonal, i.e. 

f<K(L) for i=j 
= jo for i*j 

fe.(L) for i=j 

6ij(L)=io for i*j. 

(vi) The predetermined variables are (uniformly) bounded and 

nonstochastic. 

(vii) The sequence a(t) is one of mutually identically, in-

dependly distributed random variables with zero expectation 

and covariance matrix ^ , which is an unrestricted positive 

definite matrix. 

The i:th equation of (2.2.14-15) is given by 

~ N ^ M W. 
E a• . (L)y.(t) + I 6..(L)L 1Jx.(t) = u.(t) 

j=l 1J j=l 1J J 

(4.3.2) Ji1 

$ J(L)LU (T) = 0^(L)a^(t), 
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s. . 
where a..(L) = 1+a..-L+...+a.. L 

11 ni us. . ii 

and 

w.. (w..+ s..) 
a..(L) = a..nL 1J + ...+ct.. L 1J 1J , j<i 
ij IJO ijsij ' J-

ßij(L) ßijO+ßijlL+* * , + eijr_L ij' 

In (4.3.2) y., (t) and are differenced and mean 'corrected'; 

d. D. d. D. 
y•(t) = v JV JY.(t) , x.(t) = V Jx.(t) , d., D. = 0,1,2,... and 

J 0 J J ^ J J J 

y.(t) = y.(t) - y , x.(t) = x.(t) - y . 
J J yj J J X. 

Here, y is the estimatior of y , the expectation of the processes, 

Yj(t) , Xj(t) denoting original observations of endogenous and exoge

nous variables respectively, d^ being the degree of successive dif

ferencing and Dj being the degree of seasonal differencing with S 

being the seasonal time span (i.e. the number of terms in a season). 

Seasonal models deserve a few words. If seasonal differencing is per

formed it is also likely to consider seasonal models in the multivariate 

ARMA process for the disturbances. Applying a multiplicative seasonal, 

non-seasonal model of the kind presented in Box & Jenkins (1971, sec. 

9.2.1), i.e. 

(4.3.3) <f>i(L) (L)u±( t) = 0i(L)9(^)(L)ai(t) 

SP. 
where <f>(^(L) = 1 + <j>(8)LS + ... +<f>(^ L 1 and 

i il lP. 
J 

0(^(L) - 1 + 0(8JLS + ... + L Ql , 
i il iQi 

means increased complications. In these situations, Jenkins (1976, p. 11) 

recommends a non-multiplicative approach. This means that if, e.g. u^(t) is 

ARMA (0,0, l)_x(Q, 0,1) ̂ the multiplicative non^-linear expression 

(4.3.4) u.(t) = (1^0.1L)(l+6^)L4)a.(t) = ( 1+0 . ,L+0 (.^L4+0 .. 6 ̂ L5)a. ( t) 1 il il 1 il il il il 1 



is replaced by the linear expression 

(4.3.5) u.(t) = 1+0.-L+0./L4+e.cL5  i il i4 i5 

This method of simplifying to linear models, in which all parameters in 

are constrained to be zero, in fact, (4.3.4) between 0^ and 
i4 

works in the opposite way to the principle of parsimony since, in (4.3.5), 

there are more parameters to be estimated than in (4.3,4). In this con-
*) 

text, the linear representation, of which (4.3.5) is a special case , 

is adopted and thus all lag polynomials in $(L) and 0(L) can be 

interpreted as including seasonal parameters. 

In the following the first two equations of a structural recursive sys

tem of equations will be studied to illustrate an estimation procedure. 

The asymptotic properties of the estimator are investigated. It is as

sumed here that identification criteria are fulfilled and that there 

are enough degrees of freedom for estimation. If the results of this 

section are proved to be valid for the first two equations of a recur

sive system, i.e. with subdiagonal and unrestricted, the as

sumptions (4.3.5) valid and the two conditions mentioned above fulfil

led, the results are applicable to any recursive system independent of 

size. 

Let us consider the following two equations of a recursive system 

(4.3.6) ;J 

bt11(L)y1(t) + ß11(L)x1(t) = ux(t) 

<J>1(L)u1(t) = 01(L)a1(t); (t=l»...,T) 

(4.3.7) ^ 

a22(L)y2(t) + a21(L)y1(t) + ß22(L)x2(t) = u2(t) 

4>2(L)u2(t) = 62(L)a2(t) , 

where it is assumed that, in each equation, T is large enough to avoid 

undersizing. 

* )  .  . . .  
An application of this approach is given m a monthly model presented 

by Bhattacharyya (1974) where MA-components are included at lags 2, 

12 and 24. 

**) 
Time delays could, of course, be introduced without further complica

tions 



Its RTS is 

(4.3.8) 011(L)<î)1(L)a11(L)y1(t) + G^LH^lOß^Dx^t). = a^t) 

(4.3.9) 021(L)(|)2(L)a22(L)y2(t) + e'V^OOa^Dy^t) + 

+ e21(L)c|)2(L)ß22(L)x2(t) = a2(t) . 

An unrestricted covariance matrix for a(t) , t , means that t is Ta Tu 
unrestricted, too. This implies that, in (4.3.7), y^(t) is generally 

not uncorrelated with (t) and a straightforward single-equation esti

mation would produce inconsistent estimates. 

Assuming (4.3.6-7) to be a fully recursive system, i.e. being a 

diagonal matrix, it is obvious that $ , the covariance matrix of a(t) a 
is diagonal too. This is so because 

$ = 0_1(L)3>(L)$ $(L)0"1(L) and 0(L) , $(L) , $ are 
au u 

diagonal (see asumption (v) in (4.3.1)). It is evident that no nonzero 

correlations across equations between "left hand" endogenous variables 

and disturbances exist. Thus, in a fully recursive system, y^(t) in 

equation (4.3.7) is uncorrelated with a2^t) anc* thus an appropriate 

procedure to obtain consistent estimators of A(L) , B(L) , $(L) and 

0(L) is to use non-linear single-equation procedures for estimation of 

the parameters of each equation separately. The estimator is consistent 

if the single equation procedure used provides consistent estimates 

(Åström et al., 1965). 

In the case of an unrestricted covariance matrix % , a proposed least 

squares estimation technique is to replace yn(t) in (4.3.7) by an inst 
/s 1 

rument variable, y^(t) . Thus, form the first equation a consistent 

estimate of 

(4.3.10) tJj1 = (6 -...0 <()--...<()- a ...a Ln...L ) 
1 11 lq 11 lp 111 ^ sn ^ 11 

is available and the predictor 

/\ /\ .J /V 

y^t) =-a11(L)ß11(L)x1(t) 

is used in (4.3.7) replacing y^(t) . 



Assuming ijj1 to be consistently estimated it remains to be shown that 
1 /s 

the single equation least square estimator of 

ip'2 = (021- • -^^21' • ,<j)2p2a221* ' ,a22s22a210' " 'a21s21ß220" ,ß22r22* 

is consistent. 

The proposed iterative least square method, by which estimates are ob

tained, should be discussed as a means of proving consistency. The met

hod of (Taylor) linearization (e.g. Draper & Smith, 1966, Ch. 10) or a 

gradient variant thereof (e.g. Marquardt, 1963) is most commonly used. 

In the linearization first order pariai derivatives are calculated from 

(4.3.9) and an initial guess of ^ > i.e. ^2^^ * s inserted. 

(4.3.11) - k2°} = (02O)a))"2<j)^O)(L)a^)(L)y2(t-h) + 

2h 

+ (0^O)(L)) 2cj)^0)(L)a^)(L)y1(t-h) + 

+ (e20) (L))~2(|,^0) (Dg^ (L)x2(t-h) = 

= d2(t-h) (h=l,2,...,q2) 

9a?(t) /n\ __i ~ 
(4.3.12) - —i = -(02 a» a22(L)y2(t-i)-

^2i 
/\ 

-(e20)(L))"1a2J)(L)yi(t-i)-

-(e^0)(L))"1ß^°)a)x2(t-i) = 

" *  § 2 ( (  1 - *  ̂  >  2 ,  •  •  •  * P 2 )  

(4.3.13) - ̂ 2<t) = -(0^O)(L))_1(t>^O)(L)y2(t-j) = m2(t-j) 
22j 

(j=l»2,...> ®22) 

(4.3.14) - ̂ a2(t) |^ = -(0^O)(L))"1<})^O)(L)y1(t-k) = v2(t-k) 

(k-0,1,...,S2^) 

(4.3.15) - ̂ 2^} |^0)=" (0^O)(L))"%^O)(L)x2(t-il) = z2(t-£) 

(£=0,1,...,r22) 



Since initial guesses are given for the parameters together with app

ropriate starting values of processes (e.g. zeros for all t=0,-l, 

-2,...), values of d2(t-h), g2(t-i), m2(t-j), v^(t-k) and z^it-%) are 

given. The linearized expression of (4.3.9) is, at the first itera

tion, 

q2 P2 
(4.3.16) a<0)(t) « E (e2h"62h))d2(t"h) + E (^i"^ )g2(t_i) + 

h=l i=l 

r22 
+ J,f0<e22rB22Ì'z2(t-l)ta2(t) • 

Rearranging (4.3.16) in matrix form we obtain 

a<0) « w2(Y2-^0)) + a2 or a2 « Z<0) -

where 

a<0)' =•(a^0)(1)...a20)(t)...a<0)(T)) , 

a2' = (a2(l)...a2(t)...a2(T)) , 

7(0) _ (0) T7 .(0) 
2 ~ 2 2 2 ' 

f _ v » = (w (D. . . W  (t)...w (T)) 

of order 

^2+^2+S22+s21+r22+^ ^ ^ 

and 

w2(t) = [d2(t-l)d2(t-2)...d2(t-q2)g2(t-l)...g2(t-p2)m2(t-l). 

...m2(t-s22)v2(t)...v2(t-s21)z(t)...z(t-r22)] 

At iteration no k the LS-estimate of 
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„ - ,,N ,(k) . , .-1 , „(k-1) , , s-1 , r (k-1) .(k-1).. 
(4.3.17) = (w^w2) w2 Z2 = 2W2 w2 2 2^2 ^ = 

= (w^w2) 1w^ tw2(Tp2—V^ 1^+a2 3 + ̂ 2k ^ = ̂ 2+^W2W2^ 1w2&2 

(k) (k-1) 
If, at step k , thè iteration stops, i.e. ip2 ^2 < where e 

is a vector of small numbers given a priori, a minimum is obtained. 

Thus, 

Ckì fk-lì A -1 
i>2 ~ ̂ 2 w ̂  and P 1"n 2̂=^2 if P lim ^W2W2^ W2a2=° * 

T-x» T-^00 

Thus, to prove consistency it is sufficient to prove 

p lim (w'w9) "̂w'a,. = p lim (^ w*w ) 1(^-w'a ) = 0. 
T-H» T-*» 

The elements of [~(w2w2)] ^ are uniformly bounded (according to restric

tion (vi) in (4.3.1)). Hence, it is sufficient to take into account the 

probability limit of "^w2a2^ * T^e elements of w2 contain only one 

element that can be asymtotically correlated with an element in a2^) 

namely > which contains y^(t) . To prove consistency it is there

fore sufficient to show that 

A 

E y1(t)a2(t) 

p lim = 0 
T-*=° 

We, then, have the following lemma: 

Lemma: Given the assumptions (4.3.1) and a consistent single equation 

estimator of , defined in (4.3.10), a consistent estimator of 

is obtained by regressing y2(t) on y2(t-1) ,. . .y^t-s^y^Oy^t-l) ,... 

y^t-s^x^t-l) ,.. .x2(t-r22) in (4.3.7) 

PROOF : The systematic part of y^(t) in (4.3.6) is E(y^(t)) = y*(t) = 

=^J(L)ß11(L)x1(t) . 

Now, 

T . 
Z y,(t)a„(t) 

, . t-1 
p lim 

T-x» T 

T -1 Z -a11(L)ß11(L)x1(t)a2(t) 

P —1 
T-x» T 

T . 
Z y*(t)a_(t) 

, • t-1 = p Im  
T-K» T 

Given that assumption (iii) holds. 
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The first equality follows from the consistency of as an estimator 

of . The lag structure in the nominator is 

-i - -i ru 

-«ua)sua)x <t) - / ßiijV'-» -

î1(L) J"1 

00 **11 OO 
= -E E (a^axrß^ .X T (t-j ) = E ô,x(t-k) 

Ä=0 j-1 J k=0 

where a^(L) = l-a|^(L) and the elements of 6^ are given from the 

lag polynomial (a|^ (L) (L) ) . We then have 

T oo T 
E E 6,x (t-k)a9(t) E ônx (t)a9(t) 

- . t-1 k=0 k 1 Z ,. t=l U 1  
p ilm = p ilm = 

X-H» T T-*00 T 
T „ 
E x (t)a (t) 

t=l 
= p lim (5Q = O . 

T-KX) X 

The last equality follows from assumptions (ii) and (vii) in 

(4.3.1) and the first from (vi) and (vii). 

To sum up, the following procedure is appropriate for estimating the 

structural coefficients of a general N-equation recursive system: 

Equation no 

1 Regress y^t) on y^t-D.^My^t-s^), x̂ t) ,. .. .x^t-s^) ,.. ., 

(t-rM ) 
1 1 1 

2 Regress y2(t) on y^t), y^t-1) , . . . ,y (t-s2 ) , y2(t-l),..., 

y2(t-s22)' x]_(t) » • • • »x1(t-r21) , . .. .XJJ (t-rM ) 

N Regress yN(t) on yl(t),...,yN-1(t), yl(t-1),...,y2(t-sN 

Xl(t),...,Xl(t-rNi) xMN(t-rHN) ' 
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(Prescribed zero coefficients in the subdiagonal of AQ means that 

the corresponding estimated endogenous variable is deleted from the 

scheme). Time delays in exogenous variables and 'right hand1 endoge

nous variables can, of course, be introduced. 

The proposed estimation procedure is, in fact, a generalization of an 

approach presented in textbooks (e.g. Klein, 1974, p. 199) under the 

assumption of white noise disturbances in u(t) . In the literature 

alternative estimators are suggested, especially for interdependent 

(ID) systems. For the recursive systems considered above it would, ac

cording to, e.g., the estimator suggested by Dhrymes et al. (1974), 

be expected to have instrument variables not only for current expla

natory endogenous variables but also for lags of them. 

For interdependent (ID) systems RSF and PSF approaches,(2.2.7) or (2.2.9) res

pectively, are proposed in Wall (1976). The degrees of the polynomials 

are determined separately in each equation and the specification gene

rally follows that of single equation transfer functions - as outlined 

by Box & Jenkins (1971) Ch. 10, 11. The estimation is a full information 

ML-method (Caines & Wall, 1975, and Wall, 1976), where the numerical 

solution is due to an algorithm in Fletcher & Powell (1963). 

(1963). In Wall (1976) the likelihood function is built up to minimize 

the multivariate one-step-ahead forecast error. 

It is not known if there is an analogue of 2SLS in the case of a flexib

le multivariate ARMA-approach for the disturbances. A method similar to 

that proposed in this section for recursive systems could be developed, 

where, in the> first step current endogenous (right hand) variables are 

directly estimated in the final form. The estimated current explanatory 

endogenous varioles of an equation could, at the second step, replace 

these to provide consistent estimates. It is however, beyond the scope 

of this paper fc*^ive proofs of consistency of the proposed method» 
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5. A SHORT-TERM CAUSAL MODEL FOR THE DEMAND, SUPPLY AND 

TRADE OF PAPER, PAPERBOARD AND MARKET PULP IN THE 

UNITED STATES 

* Ì 5.1 Model specification.^ 

Historically, the pulp and paper industry sector has been and still is 

very sensitive to fluctuations in the economy. Fig, 5.1.1 shows the quar-
**\ 

terly development of apparent consumption of paper and paperboard 

from 1962 to 1975 in the United States. 

Fig. 5.1.1. The demand for paper and paperboard in the United States. 

CO(t) = Apparent consumption in 1000 metric tons at time period t. 

C0(t) 

20000 

10000 

t 
66 64 70 72 76 68 74 

*) . . 
The empirical work is based on a project carried out- in cooperation 

with Svenska Cellulosa Aktiebolaget, SCA. The aim of the project was to 

provide business cycle forecasts of demand, supply and trade of paper, pa

perboard and market pulp for the US, UK, France, West Germany, Western Eu

rope and Japan. In this paper the interest is focused upon an improved version 

of the US model; the improvement being due to a more complex and possib

ly more realistic structure than the one used in the SCA project. The 

empirical progress of the forecast models is presented in five reports 

(Baudin, 1973-75). The forecast models have been in practical use since 

May 1974. 

**) 
Apparent consumption = Production + Imports - Exports. 



It is obvious that all four components - a trend, cycles, seasonals and 

a random factor - are present in the historical development. Although 

the amplitudes of the business cycles are not dominant they have se

condary effects on stocks and prices which in sum influence profits, 

liquidity, employment and production for a producer of paper and paper-. 

board products. 

For background to the model and as a reference in forecasting we may 

consider a typical short-term planning situation. For a company in the 

pulp and paper business it can be characterized by the following issues: 

The market: Sales' strategy, price policy, contract policy, production, 

time point for starting a new plant or closing an old plant. 

Distribution: Terminal capacity, transport capacity, charter capacity. 

Raw materials: Increase/decrease of stocks of raw materials, increase/ 

decrease logging, purchase of forest, short-term strategy for purcha

sing electric power, oil, gas, chemicals etc. 

Aggregation in time is the first problem in planning the activities set 

out above and an approximate forecast horizon of 1/4 to 2 years is required. 

To meet these requirements data should be given on a quarterly or monthly 

basis. Here, the choice fell on a quarterly approach since: 

more relevant time series are available in official publications 

when the model is built on quarterly rather than on monthly data 

(see sec. 3.2, regarding availability of frequent data). Further

more, the statistical material of quarterly observations is found 

to cover a longer time-period. 

the quality of quarterly data is thought to be probably better than 

that of monthly data. If, for instance, a shipping agreement is reported 

one month but the actual shipment takes place the next, uncertain

ties can arise about the period to which it should belong. In a quar

terly approach, such inconveniences are less pronounced since they may 

be contained within the period of 3 months. 

The simple idea behind the model structure is to reflect a (simplified) 

production process scheme for pulp and paper (fig. 5.1.2). 

Fig. 5.1.2. The production process for pulp and paper products. 

Pulp Forest End 
Use 

Paper and 
paperboard 



It should then be rioted that the direction of causality is the oppo

site to that of the production chain: The requirements in the environ

ment for pulp and paper initiate industrial production of paper and 

paperboard, to enable which, pulp must be produced which implies a de

mand for raw materials (fibres). 

Another aggregation problem is the aggregation in space: Obviously (see 

e.g. Guthrie, 1972), the number of groups of paper and paperboard pro

ducts is considerable. It is, of course, possible to construct broad 

groups of products with mainly the same structure. Such a broad disagg

regation of paper and paperboard products could be 

- newsprint 

- printing and writing 

- kraftliner and 

- other paper and paperboard. 

In this context, however, we consider the demand, supply and trade of 

paper and paperboard in toto. The same activities are also studied for 

market pulp. The reason for this high aggregation level is that, since 

the objective is to explain historically, and to forecast, business cyc

le turning-points and their magnitude, an aggregate analysis supplies 

sufficient information to meet the required goals. 

The choice of the US model here was made quite arbitrarily. There is, 

however, an advantage: Since the US is almost entirely self-supporting 

(importing only newspring form Canada) the analysis of the US model can 

be performed without much consideration of other demand markets and com-

petitiors on the supply side. 

Apart form the aggregation problems, the following issues must be consi

dered in the model building process 

- What variables are to be explained by the model? 

- What are the interrelations between variables (in space and time) 

- The data problem; availability of data, the quality of available 

data, adjustment of data? 

- Model evaluation. 

The structure of the model is indicated in fig. 5.1.3, where the arrows 

indicate causal directions and dotted arrows indicate relations which 

are important for the pulp and paper sector as a whole but have not 

been taken into account in this context. 



Fig. 5.1.3. The structure of the US model. 
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Before presenting a deeper discussion of the reasons for the direc

tions of the arrows in fig. 5.1.3., we must comment on previous inves

tigations in this field. 

The literature in this field is mainly concerned with long-term (annual) 

models for demands for paper, paperboard and pulp products. In McKillop' 

(1967) an econometric demand-supply model for the US was built up based 

on data from 1929 to 1960. In McKillop1s investigation, the competition 

in the demand for raw material (roundwood) is considered. Sundelin (1960) 

regards the long-term demand for paper and paperboard as a function of 

income (GDP) and trend variables in a combined cross-section time series 

analysis. A discussion of this approach is given in Wohlin (1971). Other 

long-term approaches are given in e.g. Åberg (19630 and Wohlin (1971). 

Only a few publications consider short-term modelling, e.g. Wohlin (1976) 

and Shih (1976). The model presented in this paper is in close agreement 

with Wohlin1s approach and therefore it is briefly discussed below. 

The objective of a short-term model in this context is, according to 

Wohlin (1976), to explain variations in consumption, production, capa

city utilization, stocks, prices and trade. If possible, leading indica

tors should be used to find early warning of changes in the forest in

dustry sector. The equations for the following are, for Wolin's purposes, 

a good starting point for short-term model building for the pulp and pa

per sector. 

DEMAND FOR PAPER AND PAPERBOARD 

In the long run prices should be included in the demand equation, but 

it is doubtful whether they should enter short-term models. Furthermore, 

variation in stocks should be included since the transaction and (price) 

speculative features of stocks could then be expressed in the demand equa

tion. Furthermore, industrial production should be interpreted as one ma

jor factor which affects the demand. 

STOCK ADJUSTMENT 

A stock adjustment function, which might be expressed as a function of 

consumption and prices. 

SUPPLY OF PAPER AND PAPERBOARD 

Supply equation for integrated and non-integrated papermills respectively. 



DEMAND FOR PULP 

Demand for pulp is considered to be determined by the production of pa

per and paperboard. 

STOCK ADJUSTMENT OF PULP 

The stock adjustment of pulp is regarded as a fûnction of e.g. supply 

of paper and paperboard and prices of market pulp. 

SUPPLY OF PULP 

The supply of pulp is considered to be a function of roundwood prices 

and consumption of pulp. 

DEMAND OF ROUNDWOOD 

The level of production for all the forest product industries explains 

the demand for roundwood. 

SUPPLY OF ROUNDWOOD 

A function of prices and substitution between different wood products. 

The following equations are intented to describe the structural pattern 

of fig. 5.1.3. 

EQUATION No 1 

The demand for paper and paperboard is considered to be determined by 

factors in the environment of the pulp and paper, industry. According to 

Sundelin (1960) many of the factors which determine demand are of the 

vague nature such as the "general level of business activity11, "habits11, 

"growth of the economy" etc. This indicates that paper and paperboard 

products find various uses - mainly as complements to other products. 

Obviously, paper and paperboard products are connected ^i'th produc

tion in other industrial sectors, the service and communication sectors. 

An input-output table for the United Kingdom (table 5.1.1) confirms 

the fact that paper and paperboard products are consumed as input in a 

great variety of industrial sectors. 

Although the table is only for one country at a specific period of time 

it should be seen as an expression of a more general situation in an 
*) 

industrialized country. Corresponding tables for Japan confirm this 

conclusion. 

Annual Statistics of Japan 
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Table 5.1.1 Extract from an input - output table for the United Kingdom in 

1971. (Source: Economic Trends, No. 258, April 1975, pp 110-111). 

Sales by Paper and Printing. Intermediate demand for paper and 

printing by industrial sectors. 

Sector Value Major sectors % of total demand 

(in £ million) as % of total of major sector 

output 

1. Agriculture 9.2 • 

2. Forestry & Fishing 0.1 

3. Coal mining 1.1 

I 4. Other mining & quarrying 4.7 

N 5. Food 167.4 6.7 12.0 

T 6. Drink & Tobacco 71.8 

E 7. Mineral oil refining 0.8 

R 8. Coke ovens 0.1 

M 9. Chemicals etc. 100.6 4.0 3.3 

E 10. Iron & Steel 7.3 

D 11. Non-ferrous metals 5.9 

I 12. Mechanical engineering 42.0 

À 13. Instrument " 9.4 

T 14. Electrical " 45.1 

E 15. Shipbuilding 1.7 

D 16. Motor vehicles etc. 16.7 

E 17. Aerospace equipment 3.6 

M 18. Other vehicles 1.5 

À 19. Other metal goods 32.5 

N 20. Textiles 32.5 

D 21. Leather etc. 2.3 

22. Clothing & footwear 19.0 

23. Bricks etc. 34.1 

24. Timber & furniture 13.1 

25. Paper & printing -

26. Other manufacturing 47.1 

27. Construction 28.1 

28. Gas 218 

29. Electricity 7*1 

30. Water 0.9 

31. Transport 18.3 

32. Communication 18.3 
33. Distributive trades 277.2 11.0 3.7 
34. Miscellaneous services 663.9 26.4 5.8 
35. Public administration -

36. Total intermediate output 1.681.7 •4 

Current 37. Consumers 37. Consumers 452.3 18.0 1.3 
expen 38. Public authorities 142.0 5.6 1.4 
diture 

Gross 39. Fixed • -

domes 40. Stocks -7.3 
tic ca 41. Exports 246.4 9.8 1.9 
pital 

forma

tion 

42. Total final output 833.4 
43. Total output 2.515.1 



As much as 67% of the total output in the paper industry goes to intermedia-

mediate demand. The seven largest industrial sectors consume 81.5% of the 

total output. Table 5.1.1 also indicates the relative share of the total 

demand in a certain sector that is constituted by paper and paperboard. 

For instance, it can be seen that although miscellaneous services comp

rise 26.4% of the total outppt of paper, the demand for paper and paper-

board is only 5.8% of total demand of miscellaneous services. Thus, we 

can conclude that although paper and paperboard products find use in a 

variety of intermediate and final demands in a certain sector, paper and 

paperboard are only a small part of the total consumption. It is there

fore inconvenient to use a specified end-use analysis for the demand for 

paper and paparboard. Since most of the intermediate demand is connected 

to industrial production it is natural to consider this aggregate va

riable as an appropriate explanatory variable for determining the total 

demand for paper and paperboard. Since, through secondary effects, chan

ges in consumption (private and by public authorities) depend on changes in 

productivity in the industry, it is confirmed that the index of indust

rial production (XP) might be considered as an important explanatory va

riable for demand. 

Demand is measured by Apparent Consumption, defined as Apparent Consump-

tion (CO) = Production (PR) + Imports (IM) - Exports (EX) . It is then 

obvious that changes in consumer's stocks are included in CO. Officially 

published data on consumer's stocks is not available; the only variable 

which expresses changes in stocks is producer's stocks (STOCKS) given at 

a deflated value. It is a hypothesis, that changes in consumer's stocks 

may cause a change in producer's stocks. Furthermore, STOCKS is conside

red as an expression of speculation in stocks. If prices are expected to 

rise and demand is expected to increase, the wholesalers of paper and 

paperboard buy as much as possible. On the other hand, if 

*) 
Here we have a typical data problem: 

Real consumption = CO + VCS , where VCS = The change in consumer's stocks. 

The 'consumers' are, in this context, a broad group of wholesalers, con

verters and retailers, for which data on stocks at hand is difficult to 

obtain. In this model work, we have not been able to find statistics on 

VCS (or CS) in official publications. 
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prices are expected to fall and demand is expected to be constant or to 

fall, wholesalers defer their purchases. It is then considered plausible 

that STOCKS have a constribution to make to the explanation of demand va

riations, a hypothesis partly confirmed by cross correlation analysis.. 

Thus, there is a causal chain from expected prices to consumer's stocks 

and as a consequence of changes in consumer's stocks changes in produ

cer's stocks (STOCKS) may occur. This is, in fact, an illustration of how 

data which we cannot obtain is replaced by observable quantities which 

are (hypothetically) related to them (cf. sec. 3.2). 

Prices (PX) are also included in the first equation. Prices are given by 

price index of paper and paperboard divided by a general index of consu

mer prices. Attempts have been made to include the original, undeflated, 

price index. In this situation the price elasticity was positive, which 

led to the irrelevant conclusion that as prices rise, demand will rise 

too. When the deflated index (PX) was included it entered with a negative 

sign and had a coefficient which was 'small' compared to its standard er

ror. It has, anyhow, been included on the strong theoretical evidence of 

how prices affect demand. 

The first equation may then, in a 'loose form' without time indices, be 

expressed as 

CO = fjCXP, STOCKS, PX) + u1 

where u^ is a random disturbance with zero expectation. 

EQUATION No 2 

Supply, or production (PR), is in the short run, only considered to ful-
* )  . . .  

fill the requirements made by demand . It is, m this context, assumed 

that capital is fixed and that prices are high enough to ensure a pro

fitable supply. The supply equation is then: 

PR = f2(CO, PX) + u2 

EQUATION No 3 

Changes in imports of paper and paperboard (IP) are thought to be deter

mined by changes in consumption and changes in STOCKS. The hypothesis 

behind this statement is that for a given level of production within the 

*) 
Thus, production functions such as the Cobb-Douglas' function have 

not been considered here. 



country, imports are required if there is an excess demand. On the other 

hand increasing stocks of paper and paperboard means that imports are 

required not only to the extent of the excess demand, but also to that 

of the changes in producer's stocks. It might also be claimed here that 

domestic prices should be compared to those prices which prevail in the 

exporting country (countries) - by differences, ratios etc. Statistical 

testing, however, produced no explanatory contribution from such a va

riable. The imports equation is therefore proposed as 

IP = f3(CO, STOCKS) + u3. 

EQUATION No 4 

Turning to the pulp sector it must first be stated that there are two 

categories of pulp: 

integrated pulp, which is immediately used as a raw material in 

a papermill for paper or board production. This category of pulp 

comprises about 85% of world production of pulp. 

market pulp, which is delivered (e.g. exported) from one pulp 

mill to a paper mill. This kind of pulp is of minor importance as 
*) 

regards quantity (about 11% ) but is very sensitive to business 

cycle fluctations. 

It was one of the objectives of the model building to explain and for-

cas t market pulp demand. Since market pulp is consumed as a raw mate

rial in paper and paperboard production (PR), it is natural to regard 

it as an explanatory variable in changes in demand for market pulp. 

Data on consumer's stocks of market pulp (at paper mills) is available. 

It is then easy to obtain data on the veal consumption of market pulp 

(CM). It is, furthermore, plausible that prices of market pulp play a 

considerable role in determining the demand. Data on the prices of mar

ket pulp are, however, not obtainable. The demand equation is then 

CM = f(PR) + u4 

EQUATION No 5 

Imports of market pulp (IM) are considered to be determined by the de

mand for market pulp. Thus, 

IM = f(CM) + u5 . 

*) 
The other 4% are other fibres such as straw materials etc. 



This set of equations is, as mentioned above, in close agreement with Wohlin 

(1976) view. There are, however, some major discrepancies: 

(i) Although Wohlin is right in regarding real consumption as the most 

effective measure of demand, apparent consumption has been used., 

Real Cosumption = Apparent Consumption + Changes in consumer1s 

stocks, and thus, the difference between the two concepts is due 

to consumer's stocks. In looking for relevant data for the model, 

unfortunately no data regarding consumer's stocks was found in 

official publications. Moreover, a price^variable is included in 

the demand relation although its coefficient is low compared to its 

standard error. 

(ii) Stock adjustment has not been used as an endogenous variable in 

the present investigation. 

(iii) Trade is included in our equations. 

(iv) A total forest product analysis is not carried out in our investi

gation. This kind of analysis is important and could be completed 

with the model in this chapter as input. 

The five behavioral equations presented above need a more concrete mathe^ 

matical formulation. In practice, this phase of model specification is 

time consuming. The following points should be considered: 

(i) Mathematical form; i.e. linear or non-linear in parameters or va

riables. Here linearity in variables and parameters is assumed in 

the behavioral equations. 

(ii) Trend and/or seasonal adjustment (Stationarity). Starting from low 

values for d and D in*differencing the data, it was concluded that, 

among four alternatives with d<2 and D<2 , a reasonable fit and 

a relatively simple error structure was obtained for D=1 and 

d=0 . We reached this conclusion through a simple trial-and-error 

process. Thus, the model consists of seasonally differenced data 

and for a variable, z(t), it is denoted V^z(t) = z^n) - z(t-4). 

(iii) The dynamic structure of the equations must be determined. Since 

in eqs.l, 2 and 3 there is more than one input, Box & Jenkins' 

methods for specifying lag strùctures (Box & Jenkins, 1971, -Gh. 

11) have not been used, since they require models of the single 

input - single output type. 
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The multiple input single output specification can be hand

led with a frequency domain approach, i.e. using a set of equa

tions of cross-spectra. This, however, has not been done here 

owing to lack of data programs for cross spectrum specifica

tion!. The specification of each equation is performed first 

by disregarding the problem of autocorrelated errors by in

spection of sign and magnitude of structural coefficients as com

pared to their standard errors. As is obvious from the es

timated model (sec.5.2), significance criteria are not used as the 

only instruments for including variables in the system. For, in

stance, logical relevance, sign of coefficient and autocorrelation 

function are other considerations which have been used in deter

mining the model structure. 

(iv> The error structure is specified after step (iii) by taking into 

account the autocorrelations and partial autocorrelations at step 

C ii)• Model control is performed to see if a moderation of the pro

posed structure should be included in the structure. 

(v) When the error structure is specified the coefficients of the sys

tem are estimated and if the diagnostic checks of the residuals $ 

a^(t); i=l,...,N, do not indicate any departure from assumptions 

(2.2.2) the model is considered adequate. 

According to the empirical results of steps (i) - (iv) above, the partitio

ning of variables into endogenous and predetermined is as follows: 

Equation 1. 

2. 

3. 

4. 

5. 

The structure of the model is illustrated by the following arrow scheme 

(fig 5.1.4) from which it is apparent that the model is recursive. For 

estimation of parameters etc.- see section 5.2. 

Endogenous Predetermined 

v4co(t) V,CO(t-l) V.CCXt-l) V,XP(t) V,PX(t-4) 
4 4 4 4 

V,STOCKS(t-2) V,STOCKS(t-3) 
4 4 

V^PR(t) V4CO(t) V4PR(t-l) V4PR(t-2) V4PX(t-4) 

V4IP(t) v4co(t) V4IP(t-l) V4STOCKS(t-3) 

V4CM(t) V4PR(t) V.CM( t-1) 
4 

V4IM(t) V4CM(t) V4IM(t-l) 
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Fig. 5.1.4. The arrow scheme of the model structure. 
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This system is recursive in its structure. What are the reasons for ar

riving at a recursive system in this situation? 

(i) Even in its simplest structure (fig, 5,1,2) there is evidence 

pointing to recursivity. 

(ii) The separation of the variables into endogenous and exogenous, 

essential in the specification process, has implications as to 

whether the system is interdependent (ID), recursive or a set 

of seemingly unrelated regression equations. What, for instance, 

would be the consequence of letting prices (px) be an endogenous 

variable? Hypothetically, px would be explained by CO, pr, STOCKS 

and capacity utilization. This, however, would not lead to an ID-

system, since px occurs with a time lag in the demand and the 

supply equations, respectively. Furthermore, the objective has 

not been to explain prices, a variable, which in an oligopoly 

market, is determined in a different way than in a fully compe-

titive market. The conclusion, then, is that in building a model 

for an industrial sector such as the one outlined here, one is 

not unlikely to obtain a recursive model, 

(iii) The availability òf quarterly data implies an increased chance of 

obtaining a recursive model than if only annual data provided the 

basis for the model. This is due to time lags which would not pre

vail in annual models. 



Why do we obtain serial correlation in the residuals? The answer is not 

obvious but the source may lie among the following: 

(i) Inadequate differencing. The operator (1-L ) is found to be app

ropriate, but at seasonal lags autocorrelation may exist due to 
4 the differencing. If we allow the operator to be 1—4>L , we coilld 

find a number, (f)<l , which would not produce autocorrelated resi

duals in the differencing. On the other hand, in updating a model, 

needs to be revised and thus the whole data material is revised. 
4 If the operator is (1-L ) , no revision is necessary. 

(ii) Inappropriate lag structures. This has not been discovered in the 

diagnostic checking of the model. 

The model gives, in forecasting, a few byproducts some of which were re

garded as important in the SCA project. 

(i) Forecasts on exports of paper and paperboard were available as 

soon as CO, PR and IP was forecasted. This was due to the defi

nition of CO = Apparent consumption. 

(ii) Capacity utilization (CU) of paper and paperboard was given by 

CU(t) = 100 X PR(t)/CAP(t) where CAP(t) is capacity, or poten

tial production, at time period t . Fairly accurate forecasts on 

CAP(t) were available for a few years ahead (FAO or Jaakko Pöyry 

company) owing to knowledge of the capacity of new plants and 

paper machinery. Since the instalment of a new paper machine takes 

about three years, from the first projected plans to full produc-
*) . 

tion, it should be possible to view the situation for a few years 

ahead. 

(iii) As mentioned above, models were developed for the UK, France, 

Western Germany and Japan in the SCA-project. In analyzing the 

effect on the European market of competition between Scandina

vian and North American producers of market pulp, g.oint forecasts 

were developed for deliveries from North America to the markets 

in America and Western Europe. By this method Scandinavian deli

veries of market pulp were analyzed too. 

In this paper (i) - (iii) are not mathematically presented since the 

behavioral equations for the US model are the main interest. 

*) . . 
It is our experience that large discrepancies appear between the FAO 

and Pöyry material. 
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5.2 The model - a comparison of different model structures. 

Following the structure set out in sec. 5.1 estimation will be perfor

med. The objective of this section is to demonstrate the effect of dif

ferent specifications of the error structure. 

Firstly, a comparison is made between those structures that do not take 

account of serial correlation and those which do. Secondly, since the 

model is recursive in its structure but it is not postulated that it is 

jfully recursive, single equation estimation is compared to system esti

mation of structural form coefficients in general recursive systems (see 

sec. 4.3). 

(I) Estimation disregarding serial correlation in disturban

ces 

Ill_QLS_estimation 

(Standard errors of estimated coefficients are given within brackets.) 

Table 5.2.1 OLS ESTIMATION» White noise is assumed in the disturbances. 

demand: (1+0.179l+0.159l2) V, c0(t) = 101.235v,xp(t) - 9. 913lV px(t) -
(0.148)(0.113) (16.271) (9.681) 

- (2.632+1.067L)L2V,STOCKS(t) 
(0.707)(0.887) 

R2 = 0.910 s = 277.63 
u 

F2 = 0.971 
4 

SUPPLY: (1-0.081L+0.134L2)V,PR(t) = Q.947V,CO(t) + 7.784L4V,PX(t) 
(0.056)(01048) (0.040) (4.614) 

R2 = 0.973 s = 144.56 
u 

f2 = 0.992 
4 

IMPORTS: (1-0.452L)V,IP(t) = 0.002v,c0(t) - 0.594L3V STOCKS(t) 
(0.150) (0.031) (0.198) 

R2 = 0.599 s = 114.26 
u 

f2 = 0.698 
4 
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DEMAND (l-0.532L)V,CM(t) = 0.047 V,PR(t) 
FQ£ (0.120) 4 (0r018) 

MMÄET R2 = 0.546 
PULP: 

F2 = 0.495 
4 

IMPORTS (1-0.070L)V IM(t) = 0.551V CM(t) 
0F (0.096) 4 (0.067) 

MARKET R2 =0.691 
PULP: 

F2 - 0.493 
4 

s = 87.65 
u 

s = 49.98 
u 

where 

V^z(t) = V^z(t) - y = z(t) - z(t-4) - y , 

y = T=4 t!5 V(t) 

CO(t) 

XP(t) 

PX(t) 

STOCKS(t) 

PR(t) 

IP(t) 

CM(t) 

IM(t) 

R2 

2̂, 

= Apparent consumption of paper and paperboard in the US in 

thousands of (metric) tons at time period t . 

= Index of industrial production, 1970 = 100. 

= Wholesalers1 price index of paper and paperboard (deflated). 

= Producers' stocks of paper and paperboard (deflated) at book 

value. 

= Production of paper and paperboard in thousands of (metric) 

tons. 

= Imports of paper and paperboard iii thousands of (metric) 

tons. 

= Consumption of market pulp in thousands of (metric) tons. 

Real consumption. 

= Imports of market pulp in thousands of (metric) tons. 

= Adjusted R 

-2 
= The one-step-ahead forecast analogue of R (see sec 3.5), 
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The estimated autocorrelations of the residuals (presented in figs. 

5.2.1-5) indicate that the inclusion,of moving average (MA) terms in the 

error component would be appropriate. In the figures, ±2a limits for 

r„ , the estimated autocorrelation function at lag k, are indicated. In 
^ - T the situation, where the null-hypothesis ^ : p^ = 0 ; k=l,2,...,2 

are tested, there is a mass significance problem. The 2a-limits should 

not be interpreted here as 5% limits for over all testing of the null-
T 

hypothesis Hq  : = 0 ; all ^1, 2 , . . . ,  ̂  against : p ^  "+ 0 for 

at least one k . it is, however, considered natural to look for 'sig

nificant' autocorrelations mainly at lag 1 and 4 for the proposed model 

and, hence, the mass significance problem is not crucial here. 

Other methods for diagnostic checking are plots of residuals against 

endogenous variables. 

fitted endogenous variables and 

predetermined variables. 

Nothing exceptional is round except för the plot of residuals versus 

the endogenous variables where positive correlation is indicated. This 

phenomenon is interpreted as being due to serial correlàtion in the re

siduals. If a residual at time t has a high positive value, V^y(t) is 

higher than V^y(t) and the opposite is true for low residual values. If 

there is a serial correlation in residuals and the same kind of autocorrela

tion is present in V^y(t), the effect is a positive correlation between 

V^y(t) and the residuals. 

Fig. 5.2.1-5. The autocorrelation function of the residuals • 

The OLS approach, k = number of lags. 

Fig. 5.2.1 The demand equation. Fig. 5.2.2 The supply equation. 

v. r 



Fig. 5.2.3 The imports equation. Fig. 5.2.4 The equation for the 

demand for market pulp 

Fig. 5.2.5 The equation for the imports of market pulp. 

The correlation matrix of the residuals is presented in table 5.2.2. 
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Table 5.2.2 The estimated correlation matrix of the residuals (u^(t); 

i=l,...,5). OLS estimation. 

Equation 12 3 4 5 

Equation 1 1 

2 0.075 1 

3 0.285 -0.607 1 

4 0.278 -0.317 0.174 1 

5 -0.231 -0.283 0.168 0.180 1 

A test of diagonalåty of £ » or the correlation matrix R , can nbw cL SL 
be performed. The test is according to Wilks (1935). The null-hypothesis 

is Hq : = 0 , for all i*j : i,j=l,...,k and the test quantity is 

I Ral 
V  

where lR££l the determinant of the i:th diagonal subclass, 

i=l,**a,k . In this situation the subclasses reduce to single elements 

with l^j^l = = 1 the i?th diagonal position. Thus the test 

quantity reduces to V = |R | . 
a 

Wilks (1935) demonstrates that, under assumed normality among the va

riables (disturbances), 

2 i^l 1 T7 
x ln v 

2 
approximately follows a x -distribution with f = degrees of free

dom where 

,-1 , 1 C = 1 - (2Q3 + 3Q2) 
12f(T-l) 

f = 1/2 Q2 

k k 

Pi>S * * Pi' 
i=l i=l 

and p^ is the dimension of the i:th diagonal group; here p^=l,i=l,. .. ,5. 
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Assuming normality among disturbances, which in the univariate case is 

tested for all residuals (appendix 2.2, where a departure from normali

ty is indicated in eq. 5)t the following is obtained in the OLS case 

|Ra|- = 0.336 

Qx = 0^Q2 = 20, Q3 = 120 

f = 10 

C-1 = 0.947 

In V = -1.091 

2 . 2 
and x =48.56 iihich exceeds the 95th percentile of the x -distribu-

2  ^  . . . .  .  
tion, Xq 95(1®) = 18.30. This is an indication of off-diagonality in 

R and thus in • Thus, the result indicates that the system is not a 'a 
fully recursive and improvements in the estimation can be achieved if a 

simultaneous estimation of the structural coefficients is performed. 

The results of this test must be interpreted cautiously since 

- the 'observations1, upon which the test result rests, are themselves 

obtained as the result of an estimation procedure. 

- the povor of the test depends on the true but unknown normality of the 

observations. This is, however, the only instrument that has been found 

to decide whether or not ^ is diagonal. 

S^stem^estimation 

(ii) In this method current 'right hand' endogenous variables are re

placed by estimates obtained in a previous equation in the recursive 

system,. Thus 

y:(t) is regressed on ŷ t-1) ,... .y^t-s^ ,x1(t) ,.. 

y2(t) is regressed on y1(t)i,y1(t-l) ,... ,y (t-1) ,. . 

A A 

y3(t) is regressed on ŷ t) ,y1<t-l) ,... ,y2(t) ,y2(t-l) ,..., 

y3(t-l),.. 

etc. 

This method is, in fact, a special case of the 2SLS~technique. As is seen 

from table 3.2.3 very little has changed compared with the OLS estimation 

regarding structural coefficients, 
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their estimated standard errors and goodness of fit. This is either due 
A 

to a good fit, i.e. the differences between y.(t) and y.(t) are small 

in eq. 2, 3, 4 and 5, or to low values for the off-diagonal elements in 

the estimated correlation of the residuàls (table 5,2,4). 

Table 5.2.3 SYSTEM ESTIMATON. White noise is assumed in the dis

turbances. 

DEMAND: (1+0.179l+0.159l2)v, co(t) = 101.235v,xp(t) - 9.913lVpx(t) 
(0.148x0.113) 4 (16.271) (9.681) 4 

r2 = 0.910 

f2 = 0.971 
4 

- (2.632+1.067L)LV,STOCKS(t) 
(0.707)(0.887) 4 

s - 277.63 u 

SUPPLY: (1-0.079L+0.134L2)V,PR(t) = 0.949V.CO(t) + 7.739L4V.PX(t) 
(0.059)(0.048) 4 (0.044) (4.633) 4 

r2 = 0.973 

F2 - 0.992 
4 

s - 144.56 u 

IMPORTS: (1-0.432L)V IP(t) 
(0.153) 4 

R2 = 0.585 

f2 = 0.688 
4 

-0.036V CO(t) - 0.778L V.STOCKS(t) 
(0.035) (0v215) 4 

s = 116.21 
u 

DEMAND 

FOR 

MARKET 

PULP 

(1-0.555L)V,CM(t) = 0.041V PR(t) 
(0.123) * (0.019) 

R2 = 0.546 

F2 = 0.494 
4 

s = 87.76 
u 

IMPORTS 

OF 

MARKET 

PULP 

(1-0.156L)V,IM(t) - 0.443V CM(t) 
(0.116) * (0.102) 

R2 = 0.676 

F2 = 0.464 
4 

s = 51.39 
u 
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The X -square test for diagonality in $ (see table 5.2.4) gives 

X =57.50 -which can be compared to Xq 95(10) = 18-3. Compared to the 

OLS-approach half of the current cross correlations are larger in this 

situation, which strèsses the similarity between the situation0 

Table 5.2.4 The estimated correlation matrix of the residuals (u.(t); 

i=l,...,5). System estimation. 

Equation 12 3 4 5 

Equation 1 

2 

1 

0.070 1 

3 0.409 -0.592 1 

4 0.293 -0.306 0.223 1 

5 -0.136 -0.325 0.148 0.344 1 

Since the estimates in (i) and (ii) are close to each other, the con

clusions for (i) with respect to diagnostic checking hold for (ii) too. 

The autocorrelation of the residuals (fig. 5.2.6-10) still indicates de-

partures from the white noise assumptions. Thus, a more general error 

specification is motivated. 

Fig. 5.2.6-10. The autocorrelation function of the residuals <rfc). The 

systems approach. No consideration of autocorrelated dis

turbances. k = number of lags. 

Fig. 5.2.6. Demand Fig. 5.2.7.Supply 
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Fig. 5.2.9. Demand for market pulp 

Fig« 5.2.Imports of market pulp 
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(II) Estimation when the model includes a multivariate 

moving average error specification 

The estimated model is a PSF (Polynomial Structural Form) (2.2.6) where 

each equation is specified as 

N w. . M W. . 
(5.2.1) <x.(L)y.(t) = - S a..(L)L1Jy (t) - l ß. . (L)L1Jx. (t) + 0 (L)a (t) 

11 1J «J j lj J 11 

A maximum likelihood estimate (Äström et al., 1965, p. 20) of the para

meters is obtained by minimizing 

v(i'i) = \ Ea?(t) , Where 
_ 1  , N w .  .  

(5.2.2) a. (t) = 0. (L)a-(L).y. (t) + 0. (L) E a..(L)L 1-'y.(t) + 
1  1 1 1  1  i * 3  1 J  J  

-1 M  w--. 
+ 0£ (L) E ß..(L)L x^x.(t) and 

j 1J J 

A A A A A A A 

(5.2.3) ,(,» • *°iil,,,,,aiis..,,,,,aijl aijs. .'•••,aiNl'"',aiNs.M 
li J J lj iN 

' ' " * '^iii' ' " * '^iir. ' '0Ü' * ' * ,0iq^ * 
J J ij 

Iri accordance with the minimiaing criterion, it is concluded that fehe 

estimated structural parameters are not only ML- but also LS-estimates• 

The estimated standard errors for residuals are obtained by taking 

Sa =-/v(aJ(t))' 

The parameter accuracy for element no k in i);!^ is estimated by 

a2 = V(a! (t)) [v (iji) . J"1 
^ik 1 H ii 

where ^-s the diagonal element in the information matrix. 

The minimization is performed iteratively by a combined Gauss-Newton and 

Newton-Raphson algorithm. The convergence criteria are 
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max 
i,k 

v*ik 

*ik 

< IO-4 or 1VVI< 10~6 

The data program used in the estimation is IDPAC (Wèeslander, 1976) - an 

interactive program developed at the Department of Automatic Control, 

Lund Institute of Technology. 

The estimation in (i) is performed under the hypothesis of a diagonal 

covariance matrix £ . Straightforward LS estimation for each equation 

separately would then provide consistent estimates of the structural para

meters. In the second case, where $ is not restricted to being diago-
a a 

nal, y.(t) are replaced by y.(t) in the i:th equation (i*j=l,...,5). 

The methodology and the large sample properties are discussed in sec, 

4.3. 

Table 5.2.5. SINGLE EQUATION TRANSFER FUNCTION ESTIMATION. Moving 

average error specification. 
a 

DEMAND: (l+0.152L+0.130L2)V,cÒ(t) = 107.400V,XP(t) - 32.030L4V,PX(t)-
(0.150)(0.107) (15.126) (12.671) 

- (3.195-0.880L)2V STOCKS(t) + (l+0.410L-0.577L4)a (t) 
(0.671)(0.951) 4 (0.096)(0.110) 

R2 = 0.937 s = 231.70 
a 

F2 = 0.980 

A 

SUPPLY: (l-0.081L+0.092L2)V,PR(t) = 0.94lV,C0(t) + 6.428L4V,PX(t) + 
(0.049)(0.405) (0.032) (3.695) 

+ (1-0.105L+0.558L )a„(t) 
(0.098)(0.097) 

R2 = 0.984 s = 109.23 
a 

F2 = 0.996 
4 
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IMPORTS: (l-0.452L)V,IP(t) = 0.050V,C0(t)-0.190L V.STOCKS(t) + 
(0.116) (0.027) (0.172) 

+ (1-0.600L )a«(t) 
(0.158) 

R2 = 0.770 s = 86.58 
a 

F2 = 0.827 
4 

DEMAND 

FOR 

MARKET 

PULP: 

(l-0.516L)V,CM(t) « 0.052V PR(t) + (1-0.843L )a,(t) 
(0.100) (0.014) (0.077) 

R2 = 0.769 

F2 = 0.747 
4 

s = 62.10 
a 

IMPORTS 

OF 

MARKET 

PULP: 

(1-0.236L)V,IM(t) = 0.429V CM(t) + (1-0.734L )a (t) 
(0.110) (0.075) (0.114) 

R2 = 0.775 

F2 = 0.625 
4 

s = 42.95 
a 

Fig. 5.2.11-15. Autocorrelation function of the residuals. Single equa

tion estimation. 

Fig. 5.2.11, Demand, Fig. 5.2.12, Supply, 

10 0 10 
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Fig. 5.2.13» Imports. Fig. 5.2.14» Demand for market pulp 

—i— 
10- 20 

Fig. 5.2.15. Imports of market pulp. 

-i 1— 
IQ. 20 
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The autocorrelations among the residuals (fig. 5.2.11-15) indicate no 

departure from the white noise assumption for the a.(t):s . The resi-
1 2 dual correlation matrix is given m table 5.2.6 and the x -"test for 

2 
diagonality gives x =27.43 which indicates off-diagonality in t 

a 
Thus, a system estimation procedure is supposed to give structural es«-

timates which possess consistency properties. 

- 2 - 2  
The R , Fy and standard errors of residuals indicate considerable im-

4 . 
provements ^iz-a-viz the specifications where serial correlation in the 

residuals is not taken into account. 

Table 5.2.6. The estimated correlation matrix of the residuals (â (t)); 

(i=l,...,5). Single equation transfer function estimation. 

Equation 12 3 4 5 

Equation 1 1 

2 -0.119 1 

3 0.219 -0.479 1 

4 0.306 -0.275 0.118 1 

5 0.147 -0.108 0.131 0.253 1 

Table 5.2.7. POLYNOMIAL STRUCTURAL FORM (PSF). SYSTEM ESTIMATION: 

Moving average error specification in the disturbances. 

DEMAND: (1+0.152L+0.130L2)V,C0(t) = 107.400V,XP(t) - 32.030L4v,PX(t) -
(Q.150)(0.107) (15.126) (12.671) 4 

- (3.195-0.880L)L2V, STOCKS(t) + (l+0.410L-0.577L4)a., (t) 
(0.671)(0.951) * (0.096)(0.110) 1 

R2 = 0.937 s = 231.70 
a 

F2 = 0.980 
4 

SUPPLY: (1-0.099L+0.188L2)V,PR(t) = 0.973V,CO(t)+9.739L4PX(t) + 
(0.135)(0.130) (0.113) (11.660) 

+ (l+0.119L+0.773L2)a (t) 
(0.117)(0.116) 

R2 = 0.977 s = 126.96 
a 

F2 = 0.994 
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IMPORTS: (l-0.496L)V,IP(t) = 0.035V,CÖ(t)-0.253L V.STOCKS(t) + 
(0.109) * (0.020r (0.148) 4 

+ (1-0.660L )a,(t) 
(0.164) 

R2 = 0.785 

F2 = 0.837 
4 

s = 84.06 
a 

DEMAND 

FOR 

MARKET 

PULP: 

(l-0.543L)V,CM(t) = 0.054V,PR(t)+(1-0.799L )a,(t) 
(0.110) * (0.014) (0.084) 4 

R2 - 0.786 

F2 « 0.764 
4 

s = 39.92 
a 

IMPORTS 

OF 

MARKET 

PULP: 

(l-0.579L)V,IM(t) = 0.154V,CM(t) + (l-0.869L )a,.(t) 
(0.115) (0.092) (0.084) * 

R2 = 0.714 

F2 = 0.525 
4 

s - 48.36 a 

The autocorrelations among the residuals indicate no departure from the 

white noise assumptions (fig. 5.2.16-20). 

Table 5.2.8. The estimated correlation matrix of the residuals (a^(t); 

i=l 5). PSF-system estimation. 

Equation 12 3 4 5 

Equation 1 

2 

3 

4 

5 

1 

-0.227 

0.279 

0.297 

0.211 

1 

-0.432 

-0.288 

-0.142 

1 

0.175 

0.135 

1 

0.318 

Since the fit of the equations is acceptably good, i.e. y.(t) and 
J 

y.(t) do not differ substantially, no considerable changes can be 

found in estimated parameters compared to the single equation case. On 
2 

the other hand, the x -test for diagonality, again, indicates off-
2 2 

diagonality since x =27.52 (>Xq g5(10) = '8.3) and the PSF-system 
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can be regarded as appropriate in producing consistent estimates of the 

structural parameters. 

There is an obvious similarity between single equation transfer function 

estimates and the estimates of the PSF-system approach. This result is, 

at least partly, due to small differences between the 'right hand1 endo

genous variables, y.(t); (j-l,...,5), and the corresponding fitted cur-
J A 

rent endogenous variables, 9 which have been used as instruments 

instead of • 

Fig. 5.2.16-20. Autocorrelation function of the residuals: 

Fig. 5.2.16. Demand. Fi<* 5.2.17. Supply. 

1 

0 

20 

i ir: 

±2a limits 

0 

Fig. 5.2.18. Imports Fig. 5.2.19. Demand 

for market pulp 

Fig. 5.2.20. Imports 

of market pulp 

A 
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Table 5.2.9. Estimation of structural coefficients. Four alternative 

approaches. 

DEMAND 

SUPPLY 

ASSUMPTION OF WHITE NOISE 

IN THE DISTURBANCES 

SYSTEM 

'GENERAL' SPECIFICATION 

OF DISTURBANCES 

SINGLE EQUATION SYSTEM 

Coefficient OLS ESTIMATION TRANSFER FUNCTION ESTIMATION(PSF) 

"ill 
0.179 0.152 

"112 
0.159 0.130 

hi 
-101.235 -107.400 

512 
9.913 32.030 

!l30 2.632 (see OLS) 3.I95 (see Single 

?131 1.067 -0.880 Equation Trans

hi 
- 0.410 fer Function) 

014 -0.577 

Su (sa> 

R2 

277.63 

0.910 

231170 

0.937 

0.971 0.980 

"221 -0.081 -0.079 -0.081 -0.099 

"222 
0.134 0.134 0.092 0.188 

"21 -0.947 -0.949 -0.941 -0.973 

?22 
-7.784 -7.739 -6.428 -9.739 

®21 - .  - -0.105 0.119 

022 0.558 0.773 

Su <Sa> 

R2 

144.56 

0.973 

144.56 

0.973 

109.23 

0.984 

126.96 

0.977 

0.992 0.992 0.996 0.994 
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Arable 5.2.9. Cont. 

IMPORTS 

DEMAND 

FOR 

MARKET 

PULP 

IMPORTS 

OF 

MARKET 

PULP 

SYSTEM SINGLE EQUATION SYSTEM 

Coefficient OLS ESTIMATION TRANSFER FUNCTION ESTIMATION(PSF) 

"331 
-0.452 -01432 -0.452 -0.496 

°31 -0.002 0.036 -0.050 -0.035 

?33 
0.594 0.778 0.190 0.253 

6 34 
-0.600 -0.660 

su (sa) 114.26 116.21 86.58 84.06 

R2 0.599 0.585 0.770 0.785 

0.698 0.688 0.827 0.837 

Ï441 
-0.532 -0.555 -0.516 -0.543 

°42 -0.047 -0.041 -0.052 -0.054 

e44 -0.843 -0.799 

Su <«a) 87.65 87.76 62.10 59.92 

R2 0.546 0.546 0.769 0.786 

fv4 
0.495 0.494 0.747 0.764 

«551 -0.070 -0.156 -0.236 -0.579 

?54 
-0.551 -0.443 -0:429 -0.154 

e54 
-0.734 -0.869 

Su <sa> 49.98 51.39 42.95 48.36 

R2 0.691 0.676 0.775 0.714 

0.493 0.464 0.625 0.525 
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A summary of the results is presented in table 5.2.9. It can be con

cluded that 

(i) considerable reductions of the residual variance are obtained in 

using models which take account of serial correlations instead of 

those which (improperly) assume white noise residuals. 

(ii) vary little changes in estimated parameters when a single equa

tion :approach is compared to a corresponding system estimation 

approach. 

Among the four alternative approaches, the PSF-systerns approach is re

garded as the most appropriate in this situation since 

(i) there is an autocorrelation among the residuals if a more gene

ral multivariate process of the disturbances is not included in 

the model. 

(ii) there is an indication of off-diagonality in $ which means a 
that a 'system estimation1 approach, as défined earlier in this 

section, gives consistent estimates of the structural parameters. 
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5.3 The properties of the model. 

In order to make the investigation of the model presented in sec. 5.2 

more complete this section is devoted to the following aspects: 

(i) A comparison of fitted and observed values of the endogenous 

variables of the system. 

(ii) The dynamic properties of the model: 

The reduced , final and separated forms. 

(iii) The stability of the structural coefficients. 

Comparisons will be made between the PSF-systems approach and the sys

tems estimation approach without considering autocorrelation among the 

residuals. The motivation for this is that the single equation approac

hes have estimated coefficients which' are close to those of the corres

ponding systems approach and that there is evidence that systems app

roaches are more adequate in this specific situation as regards 

the test of diagonality of t performed in the previous section. â 

(i) A^comgarison^of_fitted_and_obseryed_values_of_the_endogenousjvariab--

1es_of_the_stem. 

The observed and fitted endogenous variables of the system are given 

in fig. 5.3.1-10. 

Fig. 5.3.1-5. Fitted and observed values of the endogenous variables of the 

system, System estimation - no account takeîi of autocorrelàted disturbances. 

® Observations 

Fitted values 

Fig. 5.3.1. Demand 

n v4C0(t) 

-2000 

-1000 

-3000 

1000 

0 
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Fig. 5.3.2. Supply 

1000 

0 
1964 

-1000 

Fig. 5.4.3. Imports 

VAIP(t) 

200 

1964 

-200 

-400 



Fig. 5.3.4. Demand for market pulp. 

V,CM(t) 

200 

100 

1964 66 68 
-100 

Fig. 5.3.5. Imports of market pulp. 

200 

100 

0 
'964 

-200 
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Fig. 5.3.6-10. Fitted and observed values for the endogenous variables of 

the system. PSF-system estimation. 

Fig. 5.3.6. Demand. Fig. 5.3.7. Supply. 

v4co(t) 

200© 

1000 

0 . 

-1000 

-2000 . 

-3000 

observation 

fitted value 

i +-t 

?4PR(t) 

20D0 

100ö. 

0 

-1000 

-2000 

-3000 

1964 1975 1964 
i i 

1975 

Fig. 5.3.8. Imports 

v4ip(t) 

400 • 

200 -

400 -

-600 . 

Fig. 5.3.9. Demand for market 

~ pulp. 
V4CM(t) 

375 

250 

125 

-125 

-250 

1964 1975 1964 t 
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Fig. 5.3.10. Imports of market pulp. 

400 

300 

200 

100 

0 

-100 

-200 

1964 1975 

Comments: Although the PSF-systems approach is favoured by the estima

tion results (with regard to the behaviour of the autocorrelations 

among residuals and the residual variances) it is found that the di

vergences between the systems approach and the PSF-systems approach 

are of minor importance as regards their fit. Both approaches give 

reasonable fit for the business cycles over the whole period and the 

structural shift in 1975. Two minor exceptions to these general model 

properties are, howeverfindicated. 

(i) In eq.3 it is found that the cyclical property of the V^IP(t) 

series is not completely reflected by the modël and ita ability 

to explain the structural shift in 1975 is not acceptable for 

the final observation. 

The lagged stock variable makes a considerable contribution to the 

explanation of the structural shift in 1975 - if it were not inclu

ded, the remainder of the model equation would fail to reflect the 

structural shift. 

(ii) The fourth equation gives an adequate cyclical fit but fails to 

provide an acceptable explanation for the structural shift in 1975; 

the downturn is indicated but there is a lag of approximately two 
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or three quarters between observed and fitted values for V^CM(t) 

in this period. 

( i i ) The_dYnamic__£rogerties_of_the_mQdël : 

The polynomial structural form of the system, given in sec. 5.2, is 

(5.3.1) A(L)y(t) + B(L)x(t) = 0(L)a(t) 

where A(L) is a 5x5 matrix of coefficients for the endogenous va

riables 

B(L) is a 5x3 matrix of coefficients for the exogenous va

riables 

0(L) is a diagonal 5x5 matrix for the disturbances of the 

system 

y(t) is a 5x1 vector of endogenous variables at time period t 

x(t) is a 3x1 vector of exogenous variables 

and a(t) is a 5x1 vector of white noise disturbances. 

Here, A(L) is a second order multivariate lag distribution, 

A(L) = AQ + AjL + A2L2. 

The reduced form of (5.3.1) is then given by 

-1 ̂  i -1 (5.3.2) y(t) = -Aq E A^L y(t) - AQ B(L)x(t) + v(t) 
1 

where v(t) = A^"''0(L)a(t) . 

For the PSF-system approach the estimated reduced form is obtained by 

inserting structural estimated parameters in (5.3.2). 

As an example of an equation in the reduced form for the PSF-approach, 

let us consider equation no 4 - the demand for market pulp. The reduced 

form of that equation is given by 



(5.3.3) V^CM(t) = -(0.008+0.007L)V4CO(t-l)+(0.005-0.010L)V4PR(t-l)+ 

+ 0.543V4CM(t-1)+5.643V4XP(t)-1.157V4PX(t-4)+ 

+ (0.168-0.046L)V4STOCKS(t-2)+ 

+ (0.053+0.022L-0.030L4)a1(t)+ 

+ (0.054+0.006L+0.042L2)&2(t)+(1-0.799L4)a4(t) 

O = 87.62 
V4 

The final form of (5.3.1) is given by 

(5.3.4) y(t) = -A~1(L)B(L)x(t)+A~1(L)0(L)a(t) 

and the estimated final form-of the PSF systems approach is obtained by 

inserting estimated structural parameters . The 4th equation is then 

given by 

: 5.643V XP(t)-(l.157-0.080L-0.068L2)V PX(t-4)-
(5.3.5) V CM(t) - = 2 5-

(1-0.543L)(1-0.099L+0.188L )(1+0.152L+0.130L ) 

-(0.168-0.046L)V4ST0CKS(t-2) 
+ w,(t) 

(1-0.543L)(1-0 JÏ99L+0.188L2)(1+0.152L+0.130L2) 4 

where 

/c o o Ä (0.053+0.022L-0.030L4) " . (5.3.6) w4(t) = i —^ — ax(t) + 
(1-0.543L)(1-0.099L+0.188L )(1+0.152L+0.130L ) 

(0.054+0.006L+0.042L2) " . (1-0.799L4) " 7 ^ + j a?(t) + 
( 1-0.543L) (1-0.099L+0, 188L ) z ( 1-0.543L) 

Compared to the structural form, the reduced and the final forms indi

cate an increased complexity in the lag structures which is often dif

ficult to interpret, especially when eq. 4 and 5 are considered. The 

diagonality of 0(L) in the structural form does not mean diagonali-

ty in reduced or final form; the error structure of these forms becomes 
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more complex in its nature although the errors of the structural form 

are relatively simple to interpret. 

One result which may seem unnattiral should be pointed out in this con

text: 

The price variable, V^PX(t-4) , in the supply equation has a po

sitive coefficient in the structural form which becomes negative 

in the reduced and final forms. This is due to a high nega

tive coefficient in the demand equation which, transferred into 

the supply equation, dominates the positive coefficient in that 

structural equation. 

Consideration of separate signs of coefficients should, however, be 

undertaken with care since the interrelations between the included exoge

nous variables should be looked at simultaneously. In this particular 

situation a sign of a coefficient which is considered 'unnatural' may 

be the result of the over-compension for a *too strong' influence from 

other exogenous variables upon the endogenous. 

The determinant of A(L) is 

5 
det A(L) = 77 a, .(L) , 

jsi jj' 

a simple expression due to the subdiagonality of A(L) . This expres

sion is adequate for the separated form (2.2.13) where 

5 
TT a..(L) 
j-1 

is premultiplied for each 'left hand1 endogenous variable in the system. 

We can now consider the solution to the final form equations or the se

parated form. The homogenous part (Klein, 1974, p.234) of the separated 

form for equation no i is 

5 
TT a.. (L)y^(t) -

j = l JJ 
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which is a 7th order difference equation, and as a solution of the homo

genous part we have 

(5.3.7) (xi+amxi+aii2) ̂2+a221*2+a222^x3+a331^4+a441^'s+a55p = 0 

*) 
The roots of (5.3.7) for the PSF-systems approach are 

X^ = 0.360(cos 1.784±isin 1.784) corresponding 

2tt to a period of ~ 3.5 quarters 
1.784 

= Q.434(cos 1.456±i sin 1.456); period - 4.3 quarters, 

X3 = 0.496 

X, = 0.543 
4 

X5 = 0.579 

It is then concluded that the homogenous part of the separated form of 

the system reflects the seasonal variation since the roots of the cha

racteristic equation are close to the seasonal period. 

It is yet more enlightening to see what periodicity the residual pro

cesses reflect. For the PSF systems approach we find that the solutions 

of the characteristic equations are the roots of 

4 3 
X^ +0.410X^ -0.577 = 0 (the demand equation) 

? 
X^ +O.II9X2+O.773 = 0 (the supply equation) 

4 X^ -0.660 = 0 (the imports equation) 

4 X^ -0.799 = 0 (the demand of market pulp) 

4 
X,- -0.869 = 0 (the imports of market pulp) 

The last three expressions indicate a !pure delayT of four quarters. 

* )  . . . . . .  
In Hillinger (1966) this method for analyzing periodicities is used. 
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The solutions for the first two equations are 

1 = 0.860(cos 1.450+i sin 1.450) «=» Period ~ 4.3 quarters 
•l » j-

X- _ = 0.747(cos 1.500±i sin 1.500) ** Period ~ 4.2 quarters 
9 

X2 = 0.879(cos 1.500±i sin 1.500) Period ~ 4.2 quarters 

4^ can be seen the homogenous part of the separated form and the first 

two residual processes explain seasonal behavior. Since the system, ac

cording the spectral analysis of y^(t) as compared tu y^.Ct) (appen

dix A.2.1.) does not indicate departures from business cycle variation, 

it is concluded that it is the nonhomogenous systematic part of -the sys

tem which provideal the main contribution to the business cycle explana

tion of the system equations. 

£v) !ìì£_5£§]2ÌlitY_of _the_structural_coef f icients • 

The trend shifts of the observed time series in 1975 are expected to 

produce estimates which are essentially different from those in the 

period prior to 1975. For the analysis of a model such as that in sec. 

5.2., it is not only of interest to see whether the assumption of con

stancy among structural parameters holds, but also to see if the varia

tions in the estimated parameters are - in the time domain - of a random 

character or if they indicate systematic changes. The conclusions, 

then, are essentially statements about the relative importance of 

estimated structural parameters in different time periods. In table 

5.3.1 the estimated structural parameters are given for 6 different 

time periods, where two observations are deleted succesively from the 

total number. 
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Table. 5.3.1. Estimated structural parameters at different lengths of 

the time series. The systems approach without considering 

autocorrelation among the disturbances. 

t€[l,42] t€[l,44] t€[l ,46] t€[l,48] t€[l,50] te[i>52] 

A 

"ill 
0.186 0.147 0.149 0.177 0.148 0.179 

A 

a112 
0.093 0.072 0.073 0.064 0.092 0.159 

DEMAND 

/V 

*11 
-94.131 -84.945 -85.501 -88.506 -93.730 -101.235 

C
M
 r—

1 
< ca 

4.776 5.134 5.153 6.371 10.545 9.913 

"ei30 1.361 1.916 1.943 2.185 2.878 2.632 

®131 1.924 1.352 1.340 1.181 0.873 1.067 

A 

a21 
-0.930 -0.929 -0.907 -0.899 -0.938 -0.949 

A 
a221 0.020 0.019 0.016 0.011 -0.054 -0.079 

SUPPLY C
M
 C
M
 C

M
 

< 
Ö
 0.054 0.052 0.044 0.043 0.075 0.134 

C
M
 C

M
 

< o
a
 

-9.087 -9.000 -8.770 -8;716 -6.338 -7.739 

A 

a31 -0.031 -0.036 -0.040 -0.031 -0.041 0.036 

IMPORTS 
A 

a331 
-0.341 -0.320 -0.340 -0.323 -0.313 -0.432 

i33 0.367 0.316 0.304 0.266 0.221 0.778 

DEMAND 

p
 >

 
ro
 -0.126 -0.121 -0.117 -0.117 -0.046 -0.041 

FOR 
MARKET 

/V 

a441 
-0.389 -0.404 -0.534 -0.494 -0.559 -0.555 

PULP 

IMPORTS a54 
-0.599 -0.628 -0.658 -0.636 -0.461 -0.443 

OF 
MARKET 

A 

a551 
-0.113 -0.097 -0.068 -0.055 -0.142 -0.156 

PULP 

From table 5.3.1 a substantial variation in the structural estimates is 

noted» Two details deserve to be commented on: 

(i) The price variable tends to be more important in the time domain 

for the demand equation while the contrary is indicated for the 

supply. This is mainly due to the small price fluctuations before 

1975 and the subsequent substantial rise in the real price. 
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(ii) The stock variable in the imports equation is of minor importance 

before 1975. As mentioned, it is only the last observations of 

V^STOCKS(t-3) that make some contribution to the explanation of 

the extraordinary downturn in 1975. 

For the PSF-systems approach the conclusions are generally the same as 

those indicated above. For example, table 5.3.2. gives the estimated 

structural parameters for the same periods as in table 5.3.1. 

TAble 5.3.2. Estimated parameters at different lengths of time series. 

The PSF systems approach. The demand equation. 

t€[l,4.2]*^ te[i,44] ; t€[l,46] t£[l,50] ' t£[l,52] 

"ill 
0,016 0.147 -0.012 0.127 0.247 0.152 

a112 
-0.097 -0.139 -0.103 -0.103 -0.048 0.130 

ên -76.003 -81.974 -71.362 -83.820 -99.529 -107.400 

^12 
23.185 19,796 21.297 22.235 251126 32.030 

«130 2.694 2.836 2.792 3.130 3.419 3.195 

ß131 
-0.421 -0.396 -0.644 -0.655 -0.454 -0.880 

°11 0.322 0.323 0.305 0.347 0.335 0.410 

T
—
t
 

< 
C
D
 

-0.678 -0.677 -0.696 -0.653 -0.665 -0.577 

As in the previous case there is a tendency towards lower values for 

in time while the other estimates seem to vary in no specified di^-

rection. 

Other unsatisfactory results are the frequently found instability of the 

polynomials, which means that even in this respect it is probable that 

new observations would lead to a reconsideration of included variables 

and assessment of lag distributions. 

Maximum number of iterations reached. 

**) 
0-polynomial not stable. 



The conclusions from this part of the investigation of the model pro~ 

perties are: 

(i) The estimated coefficients do not indicate stability in the struct 

turai parameters . 

(ii) According to what is said in (i) additive parts could be built in

to the model to explain the variability in the structural parame*-

ters (see e_,g. Shleicher, 1975, pp. 13<-15) by using the Kaiman fil~ 

tering technique. This has, however, not been done here, The rea~ 

son being the ex post forecasting in sec, 5.4, which indicates 

that, although the structural parameters may vary substantially, 

the ex post forecasts give good precisions. 



5.4 Forecasting. 

The intimate relation between planning, forecasting and model building 

has been pointed out in sec. 1.1. One of the reasons for building a mo

del such as that in sec. 5.2.is to provide conditional forecasts of the 

demand, supply and trade of paper, paperboard and market pulp. This sec

tion is devoted to two aspects of forecasting namely 

(i) The ex post forecast°behaviour of the model in sec. 5.2. This 

means that the forecasting ability of the model is investigated 

for different lengths of the observation period and forecasts are 

made with known data on predetermined variables in the period af

ter the observation period. By varying the length of the observa

tion period, the sensitivity of the model can be analyzed with 

respect to its forecasting behaviour. 

(ii) Different strategies for ex ante forecasting ^re discussed. 

The ex post forecasts (1 one-step-ahead1) are presented in fig.s 5.4.1-8 

for varying lengths of the observation period. In fig.s 5.4.1-5 fore

casts are given for the 'systems approach' where the autocorrelation 

among the residuals is disregarded. The observation periods dealt with 

here are 

a) Observation 1 to 36 

b) Observation 1 to 42 

c) Observation 1 to 46 

d) Observation 1 to 48 
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In figs. 5.4.6-8 the same periods are studied for the PSF approach of 

the demand. 

Fig. 5.4.1-5 Ex post forecasts. The 'system estimation' approach 

Observations 

Forecasts based Oil period 1 - 36 » 

Forecasts based on period 1 - 42 « 

Forecasts based on period 1 - 46 -

Forecasts based on period 1 - 48 -

Fig. 5.4.1. Demand 

V,CO(t) 

IrOOO • 

1964 .1975 

-1000 '• 

-2000 

. 5 Supply 

nV.PR(t) 

1 19751 1964 

-1000 
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Fig. 5.4.3. Imports 

i i 
500 

100 

1964 975 -100 

-500 

Fig. 5.4.4. Demand for market pulp 

200 

100 

0 
1964 1975 li 

-100 

-200 

Fig. 5.4.5. Imports of market pulp 

200 

100 

1975 •! 196 

-100 

-200 



166. 

Fig. 5»4.6- 8. Ex post forecast evaluation. The demand equation for the 

PSF-approach. 

Fig.5.4.6. Ex post forecasts 

from time period 

36 and 42 

Fig; -5.4.7. Ex pest forecasts 

from time period 

44 and 46 

v4co(t) 

2000 

1000 

0 

-1000 

-2000 

= observations 

= forecast from 
time period-36 

= forecast from 
time period 42 

v4co(t) observations 

2000 

1000 

0 -

-1000 

-2000 

-- » forecast from 
time period 44 

- - = forecast from 
time period 46 

t 

1963 1975 1963 1975 

Fia, 5.4,8, Ex post forecasts from time period 48 and 50. 

2000 

1000 

-1000 

-2000 

v4co(t) 

-i • 

= observations 

» forecast from 
time period 48 

» forecast from 
time period 50 

1963 1975 
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As can be seen, the forecasting according to the PSF approach is slightly 

better than the systems approach for the long period forecast (based on 

observations 1 to 36) while the difference is of minor importance for 

short length forecast periods. The stability of the forecasts is 

demonstrated in figiU 5.4.1.-5, which indicate that new observations do 

nöt alter the forecasting to any greater extent. 

The period after 1975 can be used to make an ex post evaluation of the 

model. In this model evaluation the forecasts on the endogenous variab

les are given not by differences but at the level of the original ob

servations. Known values of the predetermined variables are inserted and 

thus produce 'one-step-ahead1 forecasts (table 5.4.1 and fig. 5.4.9-13) 

Table 5.4.1 Ex post forecast evaluat ion of the model in 1976. 

Forecast model app Absolute percent 

roach error 

Forecast System System 

Variable period Observation estimation PSF estimation PSF 

CO(t) 1976:1 13525 13464 13532 0.5 0.1 

II 14498 14274 14104 1.5 2.7 

III 13653 13859 13179 1.5 5.0 

IV 13726 14220 14121 3.6 2.9 

PR(t) 1976:1 13146 12719 12911 3.2 1.8 

II 13456 13628 13942 1.3 3.6 

III 12596 12777 12731 1.4 1.1 

IV 12607 13211 13111 4.8 4.0 

IP(t) ]976:1 1173 1195 1265 1.9 7.9 

II 1745 1420 1456 18.6 16.6 

III 1717 1707 1631 0.6 5.0 

IV 1772 1335 1557 24.7 12.1 

CM(t) 1976:1 940 885 909 5.9 3.3 

II 965 886 937 8.2 2.9 

III 967 988 909 2.2 6.0 

IV 924 1019 973 10.3 5.3 

IM(t) 1976:1 521 526 432 1.0 17.1 

II 538 560 472 4.1 12.3 

III 531 517 488 2.6 8.1 

IV 520 533 529 2.5 . 1.7 

Average* Average» 

-5.0 -6.0 
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Fig. 5.4.9 - 13. Ex post forecast for 1976. 

CO(t) Fig. 5.4.9. Demand. 

20000 

10000 

ml*! 1 1 (-

The systems 
approach 
The PSF 
approach 

1962 64 66 68 70 72 74 

PR(t) Fig. 5.4.10. Supply. 

10000 

i» m i 1 1 1 1 1 1 1 
1962 64 66 68 70 

4 1 1 1-
72 74 

-*• t 
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IP(t) 
i. 

Fig. 5.4.11. Imports. 

1800 • 
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i» 11 * 1 * 
1962 64 

1 1 i 1 t 1 1 * 
66 68 70 72 74 

t 

CM(t) Fig. 5.4.12. Demand for-market pulp. 

1000 • 

800 

600 
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Fig. 5.4.13. Imports of market pulp. 
IM(t) 

500 

400 

300 

74 72 70 68 66 1962 64 

As can be seen, the forecast errors are not small although known values 

for predetermined variables have been used. The average error, i.e. 

ê = I Z .e.(T+£) , where e.(T+£) = 100 x liZîilzllIîl) 
j=l £=1 1 2 y(T+A) 

and £=1,2,3,4, 

is 5,0 and 6,0 percent respectively. These high values mainly arise 

from the imports equation which, as was indicated in sec. 5.3, is 

not well specified, even for the observation period. Furthermore, it is 

seen that the approach where autocorrelation among the residuals is dis

regarded behaves even better on the average than its PSF counterpart. It 

can be claimed that a model specification considered adequate in the 

observation period does not necessarily behave any better in a forecast 

context than a simpler - and often deemed inadequate - approach. 

It could, in this context, be questioned whether the least squares esti

mation criterion is appropriate when forecasting is the objective of the 

model building. One suggestion^thçn i? that the situation could be impro

ved, in a forecast context, by minimising the (ex post) forecast errors, 
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not only one step ahead but the number of steps ahead required in the 

empirical situation. 

(ii)_Ex_ante_forecasting 

Ex post forecasting is a method by which the model behaviour is checked 

in the observation period with respect to its forecasting ability, i.e. 

known values for the exogenous variables are inserted in the model equa

tions after the period for which estimation is performed. The difference 

between the outcome and the forecast is then contributed by the model 

itself and not by uncertainty in the forecasts of the exogenous variab

les . 

The real forecasting situation, however, is characterized by the uncer

tainty of the future development of the exogenous variables. In ex ante 

forecasting, i.e. when exogenous variables are not known, a strategy or 

a combination of strategies can be developed to give conditional ex ante 

forecasts on the endogenous variables of a system of equations. The fol

lowing discussion is a brief outline of those strategies which aan be com

bined in the application of ex ante forecasting. 

(i) The model is used to simulate the effect on the endogenous variables 

of different levels of the exogenous variables. The alternative levels 

on the exogenous variables are obtained from guesses, information of plan

ned activities in the environment, 'lowest to highest' alternatives etc. 

The plausibility of these alternatives is discussed and in the decision 

situation information about the range of probable outcomes, turning-

points and indicated levels on the exogenous variables are used in ma

king up short-term plans. 

(ii) Leading indicators can be used in establishing series for ex ante 

forecasting. Lagged variables of the model can be used as forecast in

puts or - if such variables have small lead times - variables other than 

those of the system, and are 'known to be leading', can be combined to make 

a 'leading index'. One example of such an officially published time se

ries is the index of twelve leading indicators (Business Conditions Di

gest) and other leading indicators can be developed by the model builder 

as a complement to the structural system (see Shih, 1976, for instance). 

It is then possible to correlate the constructed leading index (or in

dices) to the exogenous variables of the system. The conditional fore

cast given by this method is often regarded as the method which direct

ly gives 'a most probable forecast' on the exogenous variables. A major 

drawback with this method is that lead times in economics are usually 



short and with report delays (usually one to two quarters) one cannot 

in reality expect to reach further into the future than the period co

vered by report delays, 

(iii) Official forecasts produced by national, international etc. or

ganizations (such as OECD ór UN) or institutes with a specialized fore

casting activity (such as the Wharton School, Chase Manhattan etc.) can 

be used in forecasting the exogenous variables of the model. These or

ganizations and institutes usually produce annual, semi-annual or quar

terly forecasts on aggregate economic variables, such as GNP, index of 

industrial production, consumers' expenditure, disposable income etc. 

Specialized forecasts on, e.g. prices or the stack level of a certain 

industrial branch, are not included in these publications* In using 

a forecast model such as that in sec. 5.2, official forecasts on the index 

of industrial production are available but not on the other two exoge

nous variables; prices and stocks (these can, in fact, be used as leading 

indicators for 4 or 2 quarters respectively). This method does not, in rea

lity, differ from (i), the difference lies only in the use of an offi

cial forecast alternative which, in the decision making, is often jud

ged 1 the most probable alternative'. 

(iv) Time series models can be used in forecasting the exogenous variab

les. Many alternative strategies are feasible of which we'prefer to 

mention the Box & Jenkins' (1971) method for making ARIMA forecasts, the 

use of multivariate ARIMA models in forecasting or a cotobination of 

(iii) above and multivariate methods. 

Since, in ARIMA forecasting the direction of forecasts is mainly deter

mined by the most recent observations, the forecasts are sensitive to 

random fluctuations, structural changes or measurement errors. If the 

forecasts are obtained separately for all included exogenous variables, 

it is not unlikely that positivley correlated series will be found to 

give forecasts in opposite directions {cf Jenkins, 1976, p.3). This in

convenience can be reduced by taking into account the correlation be'tween 

the exogenous variables. 

A multivariate ARIMA (p,d,q) approach (defined in 2.2.8) is then an app

ropriate model from which forecasts on the exogenous variables can be 

produced: 
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DU(L) D12(L)...D1M(Lf *i(t) 

D21(L) D22<L)---D2M<1)  
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k1m 

W 

^ml(l)(pm2(l) * ' ,cpmm(^ 

3  

a 2 ( t )  

J 
(5.4.2) D(L)x(t) = tp<L)a(t) 

Each component of the matrices D(L) and (p(L) in (5.4.2) is permit

ted to h ave its own lag structure. 

For the specification (or in Jenkins1 terms - identification) see Jem-

kins (1976, session 2). The forecasts of this multivariate system &re 

generated by the system itself," previous observation and errors. 

A third alternative within the Box and Jenkins1 approach is the use of 

multivariate transfer functions. This method can be used as a comple

ment to (iii) above when official forecasts are not obtained for all 

exogenous variables of the system. Let us assume that W(t) is a vec

tor of the K variables for which official forecasts are obtained and for 

the M-K exogenous variables no official forecast are given. Then, with 

w^(t) = a PSF-system of transfer functions is given by 
• k 

(5.4.3) 

61(l)x1(t) 

62(l)x2(t) 

6(L) x(t) 
M-K M-K -> 

wt t w1k -
Yn(L)L n....YK(L)L iK n 

LM-K,1 M-K, K 

w^t) 

"K(t>J 

e.-d) e (L) 
11 1 M-K 

e (L) ...0 (L) 

1 

"a1(t) ' 

u
 

•
 
•
 

1 

6(L)Z(t) = y(L)W(t) + 0(L)a(t) 

An RSF alternative is given in Jenkins (1976), sec. 5.10. 
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Specification (identification), see Jenkins (1976). 

In this context the project in cooperation with Svenska Cellulosa Aktie

bolaget (SCA), which is the background to the application in this chap

ter, deserves a few comments. The forecasts on exogenous variables in 

that project were mainly obtained from different sources of forecasts 

produced officially. From these sources, alternative forecasts on indust

rial production and some other variables of more general interest were 

given. Forecasts on stocks and prices were not, however, given in these 

publications. Information about the general business cycle forecast was 

used in making 'subjective' forecasts on stocks and prices and thereby 

an intuitive variant of a multivariate transfer function model (5.4.3) 

was used. Furthermore, alternative specifications were used for the de

mand equation, where only forecasts produced officially were inserted. The 

effect of different specifications was used as complementary information 

in the decision-making. 
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6. SUMMARY AND AN OUTLINE FOR FURTHER RESEARCH 

The contents of the thesis concern the short-term aspects of causal model 

building, especially the adjustment of data (as one of a number of data 

problems) and the problem of autocorrelated disturbances. 

The arguments given in Ch.3 indicate that trend and seasonal adjustment are 

often motivated in a short-term context due mainly to multicollinearity and 

autocorrelated disturbances (caused by dominating trends and unexplained 

cycles). In addition it is confirmed that the data problems and the auto

correlation among disturbances are not two unrelated concepts. The auto

correlation among disturbances may be caused by various imperfections in 

data or by operations on the original data (e.g. in adjustment for trends 

and/or seasonals). The arguments above imply an obvious contradiction, 

since one of the motives in favour of adjustment is autocorrelation among 

the disturbances. However, while the autocorrelations among the disturban

ces are often high in business cycle periods for unadjusted data (sec. 3.3), 

they are 'transferred1 to small lags determined by the operations performed 

on the original data (see sec. 3.5). Three methods for adjustment of trends 

and seasonals are compared with regard to a set of considerations given in 

sec.3.5. Although the method of variate differencing has its drawbacks it is, 

on the whole, favoured according to the aspects dealt with in sec.3.5. 

Furthermore, as a result of the discussion in sec. 3.4 and 3.5 it is claimed 

that to include a more general structure for the disturbances than the tradi

tional 1white noise1 assumptions is an appropriate action in an early stage 

of a short-term causal model development. 

Compared to previous suggestions in the literature it is argued that a 

multivariate ARMA-model is an appropriate and 'flexible1 structure for the 

autocorrelated disturbances in a short-term causal model (sec.4.2). 

An estimation procedure is proposed for recursive systems and the consisten

cy of the estimator is proved. The estimation procedure is applied to an 

empirical situation; a recursive system for the pulp and paper industry in 

the United States. 

In the empirical situation the effect of including a general error specifi

cation is demonstrated (sec.5.2). It is then found that included moving ave

rage terms contribute to a considerable reduction of the residual variances. 

Whether or not the system is fully recursive is discussed and the data 

does not support the hypothesis of a fully recursive system. 
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The dynamic properties of the model are studied and it is then found that 

lag polynomials in the endogenous variables and residuals mainly explain 

seasonal behaviour (sec.5.3). Although the structure where autocorrelation 

in residuals is taken into account gives a better fit in the observation 

period this is not true in the forecasting period (1976). 

In previous sections many problems in the area of short-term causal modelling 

are only briefly indicated. With regard to the issues studied the following 

considerations may serve as a guideline for further research. 

- More attention should be devoted to the data problems indicated in sec. 

3.2. The different model specifications discussed in sec.3.5 could, 

for instance, be used to analyse the effects of measurement errors on the 

various specifications. The analysis could be a Monte Carlo simulation 

based on a given system of equations. 

- More general situations than recursive systems should be considered in 

connection with autocorrelated disturbances. The procedure for ID-systems 

in sec. 4.3 could be developed further to obtain an analogue of the 2SLS 

procedure when the disturbances follow a multivariate ARMA^process. In addi

tion, as a complement to analytical large sample studies, a simulation 

could be designed to obtain information of the small-sample properties of 

the suggested estimator. 

- The empirical results indicate that the instability of structural coeffi

cients is crucial (table 5.3.1). The final form of (2.2.13) is 

y(t) = -A (L)B(L)x(t) + A ^(L)u(t) = C(L)Z(t) where 

C(L) = [-a""1(L)B(L) ; a*"1 (L) ] and z'(t) = [x'(t) I u'(t)] 

A State Space representation (Rustem et al.,1976,p. 5) of the final form 

with time varying parameter matrices is 

^Ct+1(L) = Ct(L) + v(t) 

(6.1) 

y(t) = c (L)z(t) 

The methodology, built on the Kaiman filtering approach (Kaiman, 1960), 

is described in Rustem et al.(1976) and could be used together with an 

ARMA-specification of the disturbances. 

- In the specific situation considered in sec. 5.2, an aggregated model 

for the pulp and paper industry in the United States is used,This simple 
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structure can be considered as a natural standpoint for further investigations, 

for instance with regard to 

(i) disaggregation into paper, paperboard and pulp qualities, 

(ii) a simultaneous consideration of the demand for forest products as inputs 

to the pulp and paper sector and the competition with other industrial sectors 

with regard to the supply of raw material , 

(iii) the usefulness of the model (or similar models) for decision making in the 

Swedish pulp and paper industry. This could be achieved by bringing the global 

model (such as that of the SCA-project) closer to the Scandinavian supply (or 

export) of these products. The steps from short-term economic fluctuations in 

an importing country to the final effects on the production of paper and pulp 

in an exporting country are indicated in fig.6.1. The model in sec. 5.2 covers 

the left part of the scheme - and thus the transfer to the domestic.supply market 

has not - yet - been: considered. If such à model reflects phenomena which are subject 

to control by a producer in the pulp and paper industry, it could be used not 

only as an instrument for forcasting but also for control and regulation (see, 

for instance, Chow, 1975). 

Fig. 6.1. The effect of short-term economic variations in an paper importing 
country on the paper industry in an exporting country. 
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With regard to these considerations, the general aspects of short-term modelling 

deserve to be treated more extensively and the model presented in Ch. 5 is an 

appropriate starting point for a global short—term demand-supply project for the 

pulp and paper industry. 
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A.l. Original and seasonally differeced observations. 
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Table. A.1.1. Consumption of paper and paperboard in the United States 

in 1000 (metric) tons (C0(t)). Apparent consumption. 

Source: OECD: Pulp and Paper Quarterly Statistics. 

1962 9148 9355 8923 9241 

1963 9115 9549 9315 9546 

1964 9648 10031 9868 10171 

1965 10236 10470 10371 10881 

1966 11190 11610 11127 11337 

1967 11168 11326 10710 11119 

1968 11786 12154 11439 12206 

1969 12612 12708 12317 12688 

1970 12571 12509 11596 12406 

1971 12364 12810 12311 12275 

1972 13605 13858 13480 13964 

1973 14449 14742 13974 14307 

1974 14585 14669 13807 13070 

1975 11624 11751 12115 12600 

Table. A.1.2. Production of paper and paperboard in the US in 1000 (metric) 

tons (PR(t)). Source: OECD. 

1962 8158 8267 7905 8074 

1963 8305 8502 8277 8402 

1964 8719 8999 8787 8975 

1965 9213 9337 9208 9672 

1966 9981 10297 9912 10061 

1967 10071 10136 9593 10026 

1968 10801 11081 10633 11147 

1969 11535 11748 11273 11592 

1970 11588 11579 10692 11241 

1971 11515 11706 11534 11022 

1972 12601 12850 12407 12775 

1973 13126 13455 12922 13188 

1974 13381 13644 12895 12078 

1975 10492 10721 11398 12392 
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Table. A.1.3. Imports of paper and paperboard in the US in 1000 (metric) 

tons (IP(t)). Source: OECD. 

1962 1202 1323 1248 1378 

1963 1020 1306 1312 1423 

1964 1244 1362 1412 1550 

1965 1315 1500 1510 1597 

1966 1591 1706 1620 1700 

1967 1530 1642 1515 1557 

1968 1451 1637 1415 1626 

1969 1451 1625 1667 1742 

1970 1560 1584 1510 1738 

1971 1504 1774 1612 1760 

1972 1599 1752 1694 1838 

1973 1928 1952 1664 1735 

1974 1882 1843 1755 1755 

1975 1690 1581 1378 978 

Table. A.1.4. Consumption of market pulp in the US in 1000 (metric) 

tons (CM(t)). Real Consumption. Source: Svenska Cëllulosa 

och Papperbruksföreningen (SCPF). 

1962 730 765 690 710 

1963 712 623 608 667 

1964 653 665 659 722 

1965 748 790 725 840 

1966 833 885 798 933 

1967 827 756 726 790 

1968 817 881 700 857 

1969 919 970 983 975 

1970 947 904 780 929 

1971 806 817 787 852 

1972 927 999 980 1118 

1973 1069 1077 958 1027 

1974 884 771 820 783 

1975 713 656 776 913 
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Table. A.1.5. Imports of market pulp in the US in 1000 

(IM(t)). Source: SCPF. 

1962 470 490 483 494 

1963 325 357 369 394 

1964 368 375 393 424 

1965 389 438 425 473 

1966 428 509 481 547 

1967 470 427 406 427 

1968 469 545 337 504 

1969 535 527 565 613 

1970 556 499 395 431 

1971 442 442 438 . 479 

1972 467 516 485 593 

1973 580 609 490 598 

1974 391 407 423 452 

1975 420 412 417 515 

Table. A.1.6. Index of industrial production (XP(t)). 1970=100. 

Source: OECD: Main Economic Indicators. 

1962 66.2 68.3 67.6 69.1 

1963 69.8 72.7 71.2 74.1 

1964 74.8 77.7 77.0 79.1 

1965 81.3 84.2 83.5 87.1 

1966 89.2 92.8 92.1 94.2 

1967 92.8 94.2 92.8 96.4 

1968 97.1 100.0 99.3 101.4 

1969 102.9 105.0 104.3 104.3 

1970 10 0.7 102.2 100.0 97.8 

1971 98.6 101.4 100.0 101.4 

1972 102.7 107.7 108.7 112.6 

1973 114.7 118.4 118.7 119.0 

1974 116.6 119.2 118.3 113.6 

1975 103.9 104.5 107.8 109.9 
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A. 1.7. Price index of paper and paperboard (PX(t)). Deflated. 

Source : Survey of Current Business. US Department of 

Commerce. Bureau of Economic Analysis.Washington D.C. 

104.86 104.13 103.77 100.91 

103.40 102.22 100.69 100.43 

103.18 102.27 100.65 100.11 

102.32 100.67 99.37 98.92 

101.01 101.00 99.77 99.16 

110.04 110.02 110.35 109.66 

100.39 99.35 97.26 96.04 

98.91 97.38 95.07 93.43 

96.35 95.58 94.91 94.06 

94.16 94.05 93.68 94.40 

94.43 93.85 93.06 92.07 

91.29 91.52 89.79 89.58 

90.17 96.31 103.64 107.10 

109.84 107.55 105.38 104.15 

A.1.8. Producers' stocks of paper and paperboard (STOCKS(t)). 

Book value. Deflated. 

Source: Survey of Current Business. 

1660 1690 1620 1630 

1590 1600 1626 1665 

1662 1669 1697 1719 

1684 1699 1730 1755 

1765 1822 1918 1952 

1971 1982 1950 1923 

1858 1912 1897 1863 

1926 1924 1945 2021 

2020 2037 2036 2047 

1949 1936 1929 1954 

1898 1886 1910 1901 

1942 1960 1971 2055 

2129 2298 2527 2662 

2676 2500 2400 2340 
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Fig. A.1.1. Demand of paper and paperboard (CO(t)). 
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Fig. A.1.3. Supply of paper and paperboard (PR(t)), 
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Fig. A.1.5. Imports of paper and paperboard (ip(t)). 
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Fig. A.1.7. Demand for market pulp. Real consumption (CM(t)), 
187. 
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Fig. A.1.9. Imports of market pulp (IM(t)) 
188. 
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Fig. A.1.11. Index of industrial production (XP(t)). 1970=100. 
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Fig. A.1.13, Price index of paper and paperboard (PX(t)). Deflated. 
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Fig. A.1.17. Manufacturers' net new orders. Duable goods industries (ORDER). 

ORDER Volume. Source: Survey of Current Business. 
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A. 2. The properties of the model 

in sec. 5.2. 

A.2.1. Autocorrelation and spectra 

of endogenous variables and 

fitted endogenous variables. 

A.2.2. Test of normality and run test. 
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Fig. A.2.1-5. Estimated autocorrelation functions of endogenous variables 

A 
(y(t)) and fitted endogenous variables (y(t)), The 'systems 

approach', 
« y(t) 
= y(t) 
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Fig, A,2.6-10. Estimated autocorrelation functions of endogenous variables 

and fitted endogenous variables (y(t)). The PSF-approach. 
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Fig. A.2.11-15. Spectra of y(t) and y(t). The 'systems approach'. 
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Table. A.2.2*1. Test of normality and run test in the PSF-systems 

approach. 

2 
X -test of 

Equation normality. Number of runs (R) 
2 

X -statistic of signs of residuals 

Demand 13.90 23 

Supply 14.64 24 

Imports 18.77 29 

Demand for 
market pulp 

19.72 30 

Imports of 
market pulp 

30.99 26 

Critical value Critical values at 

at 5% level. the 5% level 

*20.95(17) * 
= 27.6 

R < 17 

R > 31. 
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