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Abstract 

This paper provides an empirical analysis of manufacturers' survey re

sponses on short term production expectations. If such surveys provide valid 

anticipations of production activity in customer industries, they should be 

le information to management in supplier industries. 

major questions are considered: (1) are survey expectations id 

of future production activity (as reported later by the manufac-

rers and/or as measured by official statistics? (2) do the expec ions 

efficient use of information available to the surveyed manufacturers? 

research design involves univariate and multivariate time-series 

is of monthly data for five European countries in three major sectors of 

manufacturing industry. The scaling of the survey data is the 

a ial section. 





as 

1. INTRODUCTION 

There is a long standing-tradition in applied economics for the survey 

observation of economic agents' attitudes and expectations, in particu~ 

·those· of consumer-s, businessmen or ec.onomi c experts. Two kinds of 

s are registered: judgment questions yield th~ assessment of current 

"level (or change) in some economic variable; 
'· of the likely future level (or change) in an economic vari le. 

expectations ref~r to outcomes over which the respondent has no control, 

arQ called contingent; if the outcome is (partly) under the respondent s 

· :·we obtain plans or intentional expectations. The objectively mea~ 

s levels of the economic variable are referred to as the accounts.a 

The inspiration for these surveys is often pragmatic: the resul may 

~~ailable earlier that the official accounts data, thus they can read-

; be used to forecast economic activity such as consumer buying, manufacturers 1 

( ' . . 
investments or interest rates. Whether or not the survey based predictions 

are depends on two factors: (1) the respondents 1 efficient use of 

information, i.e. are they rational? and (2) the extent to which the expecta

tions influence the agent's decisions, i.e. are the expectations self- filling? 

lt: ';s 'important t~ know the value of survey expectations because these 

data are 'Very expen'sive and time-consuming to collect. For examp1e, the 

annual cost of gathering production expectations data for the major industries 

in the Common Market countries is 50 million ECU's. Furthermore 1 is a 

pragmatic alternative for making economic forecasts: econometric or time~series 

aThe terms judgments and accounts are not standard termi no 1 ogy but wi 11 be 
used throughout for ease of exposure. 
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ls on national accounts data are now common and produce statistica·! fore-

whose reliability is known a priori. Thus the value of survey based 

ions data can be challenged on absolute and relative grounds. This is 

the or objective of this research. 

Survey based measures of economic judgments and expectations give rise to 

a number of research questions. Table 1 presents a simplified and structured 

overview of these questions in terms of bivariate relations among past 

judgments, expectations and accounts. The table is to be read column-

se, the column entry being the potential dependent and the row entry 

al independent variable. Three possible research interests are men~ 

for each cell, depending on whether the focus lies on prediction (P), 

on structure of the functional dependence (F) or on the common factor, 

underlying both variables (C). 

The table allows us to put our own empirical contribution in i ve. 

bed below, we will be using survey-based evaluations and expectations 

of inessmen concerning short term changes in production level. While the 

) 

) 

(3) 

(4) 

low study of aspects of all questions mentioned in the table, the 

the analysis will deal with the following major questions: 

well do expectations forecast subsequent judgments? (cell 4) 

well do judgments and concurrent realizations correspond? (cell 2) 

well do expectations forecast subsequent realizations? 

how are production expectations formed? (cells 7,8,9) 
" . ', 

(cell 11) 

ions in Table 1 can, as usual, be approached empirically by 

means of (individual) cross-section analysis or by (aggregate) time es 

analysis. Our study will be of the latter type and will adopt modern time-

series analysis methods. 
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2. Literature Surv~i 

studies using survey expectations data have been published to 

They lly address one or more of the key research questions listed 

n also differ in (a) the economic tudes and accounts 

consi red (e.g. consumer confidence vs. business investment spending), 

nature. s:ize and composition of the sample, arid (c) the measurement 

the (e.g. interval vs. categorical scales, cross-s ona1 

ions). the pu of this review, are 

as i fi under forecasting performance vs. attitude formation papers. 

2. a.< •.. The· forecasting performance. of economic antidpatior:s data 

A stinction is in order between surveys yielding point estimates of the 

ci level of an economic outcome (e.g. how many units do you 

month?) and those which do not (e.g. do you expect things to 

worse or remain unchanged for your company next month?) The 

allow a direct (i.e. without fitting) retrospective investigation 

to 

ng accuracy. The latter do not, since (1) it is not clear what 

level 

construct i.s being tapped and (2) the measurement is on a sea 1 e 

es commensurate withthose of candidate-dependent vari les. 

2.a~l. Point estimate anticipations 

the poi forecast obtained as the expectation t for the 

X at (t+l) and let Xt+l be the actual level of re-

casted vari le. A good forecast should have the properties of unbi s 

and efficiency. Unbiasedness should result in a (0,1) estimate r t 

parameter vector (a,~) in the regression 

Xt+l = a + ~tX* + ut+l (2.1) 
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iciency can be assessed in terms of the size of the forecast errors, 

ly or rel iva to the performance of al rnative (e.g. naive) fore-

The livingston data [Ahlers and Lakonishok 1983] have been a favor'ite 

ng ground for economic anticipations. They provide a consensus point 

among a panel of economic expert~ of the changes in a number of 

es. Ahlers and Lakonishok find that the forecasts are biased 

over 1978 period. In terms of equation (2.1), the bias amounts 

a > 0 (understate~ent of trend component) and p < 1 (overstatement of devia

tions from the trend). The forecasts are not consistently able to outperform 

naive extrapolation models. The predictive performance of the direct fore-

0 

s known to improve markedly over time, so that the survey forecasts 

es 

outperform naive models in the 1970-1978 period, which can be charac

r~ther volatile. The unbiasedness of the Livingston series ha~ 

in other papers. Brown and Maital [1981] point to weaknesses in 

for (2.1) and, after a more appropriate estimation, find many of 

iased, thus confirming conclusions of others cited by these 

tz [1979] reports similar findings concerning forecasts of 

Forecasts, whether survey- or model-based tend to beat naive and 

more ex time series forecasts, and direct survey forecasts perform about 

equally well as econometric model forecasts. At least for GNP-change forecasts, 

survey cipations perform well, absolutely and comparatively. Zarnovitz 

subscri often heard conclusion that no single forecasting method can be 

shown consistently and generally superior to others. 

Next to the direct forecasts of future contingencies, expectations sur

veys of a more intentional kind are conducted with businessmen concerning 

investment spending, sales, production, etc. Rippe and Wilkinson [1974] 

investigate 1 to 4-year anticipations of investment, sales and capacity and 
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ir predictive performance to be better than for naive extrapolation 

1s or econometric functions. Similar findings were reported by Jor·genson, 

[ by Liebling and Russell [1969] for the 50 1 s and 

Li ling~ Bidwell and Hall [1975] confirm the conclusion r the 73-75 

in a t direct versus model (Chase, DRI, Wharton) forecasts. A 

itive references are cited by Ripps, Wilkinson and Mo son 

results are fairly encouraging and in line wi the y 

Modigliani and Weingartner [1958]: business survey antici ons 

( 1ly after some bias correction) allow a rather good performance in 

ng. The time series models against which survey based for:ecas were 

may be overly simple and thus overrate the comparative performance 

measures. Joyeux [1980] is one of the few authors studying (business 

i anticipations in a time series methodology framework. She demon-

Granger causality between accounts and anticipations, but the fore

performance of the t·ime-series relations in a holdout sample is not 

consistently superior to that of direct forecasts or of pure survey econo-

c ons. 

ng to Table 1, cells 11 and 12, the literature on the predictive 

ue survey ba.sed guantitative anticipations warrants the following con-

cl ons.: 

L the forecasts they provide are satisfactory, both in terms of absolute 

error size and in compadson with simple or more involved time series or 

econometric models. 

2. ·their absolute (and comparative) predictive accuracy improves over time. 

3. some correction for bias in level or regression may be useful. 

2.a,2. Indirect anticipations 

Economic attitude suryeys do not necessarily yield quantitative forecasts 

in the guise of an anticipation for a well-defined economic outcome. In many 
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cases the survey data are categorical (e.g. production is expected to 

decrease, remain unchanged or increase) or are not direct indicators of spe-

ci c ries of economic behavior (e.g. consumer sentiment data). Such 

, eventually after rescaling, can be entered as regressors in econometric 

e ions in order to expl n economic phenomena; the fitted equations then 

so become available for forecasting purposes. Pure survey equations fore-

cast c outcomes only on the basis of survey data. Mixed equations 

n both standard economic regressors and survey data; often, the 

is interested in the marginal explanatory power or forecasting 

rmance of survey data when added to pure economic regressors. 

Adams and Duggal [1984] study the forecasting performance of three ver

sions the Wharton model, namely the version without, with endogenized and 

with exogenous (survey based) anticipations. They find that the forecasting 

performance improves in that order, with the strongest gain for the 11 hard 11 

antici ions (business investment, housing starts) and with modest gains for 

11 soft11 consumer sentiment data. These conclusions were already arrived at 

ier by Adams and Klein [1972]. Juster and Wachtel [1972], focusing on 

consumer spending and saving, conclude that consumer intention and sentiment 

come in significant as regressors next to standard economic variables. 

The inal increase in the fit is rather small in most cases, however, while 

the 11 non-s·urvei' part of the equations is fairly simple and the equations show 

substantially autocorrelated errors. The forecasting performance of consumer 

sentiment data is a much debated issue between proponents and opponents of 

11 soft11
· (survey) measures. Rather negative evidence is obtained by Shapiro 

[1972] who demonstrates that consumer sentiment data fail to improve forecasts 

provided by econometric models of reasonable complexity. The exper·ience with 

consumer intentions data in the U.S. was largely negative and lead to the 

termination of related survey efforts [McNeil, 1974]. An optimistic report is 
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ven by Praet and Vuche len [1983] on EEC consumer survey dat.a. The.i r posi

tive results may have to be mitigated by the consideration that their. wor.k 

involves ive fitting. A constant difficulty with survey anticipations 

is determination of the optimal lag in forecasting. When the survey 

questi·on the lag expli tly, this issue has mostly not been conside.red 

ca1ly. Vuchel and Praet [1983] find that the prediction lag for 

consumer sentiment data is often rather short. 

ng to Table 1, the literature on indirect forecasts involvinQ 

survey data s the following conclusions concerning eel 10, 11 

1. Pure survey equations wi 11 often all ow a reason.ab l e forecast of 

future economic outcomes. 

2. The margina1 fit or predictive performance of survey data in mixed 

equations is generally significant but often modest. The results 

are better for business investment and housing tha~ for consumer 

spending/saving. 

The mal forecasting lag of anticipations data fs an issue for 

empi cal investigation. 

4. A general assessment of the contribution of survey data, 

consumer survey results, is rendered difficult by the ng 

nature of the models and results and by the extensive degree of 

curve fitting. A common benchmark for the assessment of the resul.ts 

is ssing; a time series methodology could provide such a bench

mark. 

The previous conclusions are derived almost exclusively from aggregate 

time series tests. Cross-sectional studies of the relations between antici~ 

pation.s, judgments and accounts do not abound. Dunkelberg [1972] finds a 

gnHkant though modest explanatory power of consumer sentiment data for 



8 

2.b~ The formation pf attitudes 

Since economic judgments and anticipations are attitudinal data, psy

chological theory should yield valuable insight on their formation. Yet, 

excepting Katona 1 s [1975] speculative discourse on macro-learning, this 

discipline seems to offer little guidance in the dynamics of aggregate eco

nomic attitudinal movements. 

It is fair to assume that attitudes with respect to an object of some 

tempofa1 variability (e.g. attitudes related to the business cycle) a~e based 
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on experience and ins i.ght and evo 1 ve rather smoothly. This intuitively accept

able point of view leads economists to model expectations as extrapolative, 

on the past accounts of the series itself, on the past of the attitudes 

eventually on the past accounts of other relevant series. The error 

1 ng model 1s a speci~l and popular case of extrapolative expectations. 

It is found to give a good and parsimonious explanation of expectation~ by 

authors, e.g. Nerlove [1983] for demand, price and production ~xpecta-

ons and Carlson and Parkins [1975] for inflation expectations. 1 (Table 1, 

ce 1 7,9) 

The rational expectations hypothesis looks at the informat.ion;:d basis of 

ons in a normative way. In general terms, it states that economic 

form their expectations on the basis of all information avail 1e and 

.they.combine this information in an optimal way. Various stringent tests 

of rat itmal ity .of expectations can be performed. Unbi asedness tests were 

already mentioned above, with mixed but rather encouragig results. from the 

1 [Ahlers and Lakonishok 1983, Friedman 1980, etc.] it appears that 

antic ions wi 11 generally fail to pass one or several of the tests of 

tinbiasedness, efficiency, consistency or othogonality of forecast errors. 

concerning the latter, anticipations data seem to fail to incor-

fail 

evant information available. That survey based expectations 

anality test does not of course imply that they are irrational. 

Expectations have been shown above to often allow remarkably good forecasts, 

so that anality must be violated only mildly. Rational expectations 

is a hypothetical • II rational expectations formation mechanism 

wi 11 never be found. It can only be approximated and survey anticipations 

1In the case of Nerlove, survey expectations are related to judgments. Other 
studies, such as Carlson and Parkins, relate expectations to accounts. 
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s to provide a fair approximation. Finally, all intricacies of testing for 

anality seem to be far from resolved at this point [Brown and Maital 

rlove [ J s ngent rationality 5ts may be 

unreasonable and proposes the weaker c terion that expectations be shown to 

p no pattern of systematic error. He adds that when economic outcomes 

are undergoing ructural change, one will generally find a univariate 

t me se relationship between a variable and its own past; then quasi-

onal expectations (i.e. containing no pattern of systematic error) can 

ly also be generated as a time series forecast from the past realiza

t ons of the outcome concerned. 

The literature offers some studies of expectations in a univariate or 

mul ate time series perspective. Joyeux [1980] regresses business inves 

anticipations on their own past, but does not study their formation 

deeper. Dramais and Waelbroeck [1984] apply an ARMA model to an evaluation 

se es and find its forecasting RMSE generally larger than for econometric 

on the basis of past expectations. Praet [1984] regresses consumer 

sentiment indicators on their prior one or two lagged values and finds R2 

ues in the order of .90; objective economic indicators can improve the fit 

only nally in view of the already excellent fit. In a time series per

ve, his results show that the consumer sentiment series can be explained 

by simple ARMA models. All of these results confir·m that anticipations evolve 

rather smoothly and can be well fitted from their own immediate past. (Table 1, 

cells 7 and 9) 

A number of other studies have investigated the formation of economic 

attitudes outside of a strictly time series framework [Shapiro 1972, Adams and 

Klein 1972, Foster and Wachter, 1972, Nerlove 1983, Hymans 1970]. These 

r'egression models usually incorporate the first lag of the survey attitude as 

well as~a number of economic indicators as explanatory variables. The results 
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the later studies as well as those mentioned earlier on the formation of 

economic attitudes (Table 1, Cells 3, 4, 5t 7, 8, 9) seem to warrant the 

following conclusions~ 

1. Survey attitudes can be explained to a significant extent by prior 

~r by concommitant economic indicators. These indicators are often 

those known or expected to explain the accounts corresponding to the 

attitudes. The forecasting lag on the indicators ·is often very 

short. These findings can be taken as evidence for rapid updating 

in attitude formation. 

2. Survey attitudes can usually be well explained by their own past. 

3. One has reason to doubt that the variance in economic attitudes not 

explained by the own past or by economic indicators is useful for 

prediction purposes. 

2.c. .Conclusion of the literature survey and research objectives 

Our assessment of .the literature differs on whether a pragmatic or a 

theoretic stance is adopted. Pragmatically, the conclusion is that survey 

based attitude data allows good or even improved forecasts and that the survey 

themselves can be forecasted. On the more fundamental side, it is 

not .clear that, or why, survey data are superior to alternatives. While the 

.latter issue will be clarified as the result of further investigations on new 

data, advances in knowledge wi11 also hinge on considerations of method. In 

particulart we feel that there is more need for the following types of re

search: 

1. Cross-section studies at the level of the individual respondent vs. 

aggregate time series studies. Attitudes are individual variables. 

Their formation and decision impact takes place in the individual 

before it shows up in the aggregate. Aggregate time series analyses 

can obscure the individual nature of the procE~~ses for a var·iety of 

reasons. 



12 

2. Time-series studies as opposed to econometric fitting. The latter 

exploses one to the dangers inherent in spurious correlation, in 

curve-fitting and in general, to the dangers of an overly generous 

attitude towards causality. Most of the time series dealt with here 

are strongly autocorrelated, so that the modern time series method

ology is indicated. A restrictive stance towards causality, as 

embodied in the Granger causality concept is recommended. 

3. Construct validation studies in the psychometric tradition. When 

working with survey responses one should guard against naive faith 

in one's measures. The multiple survey and other variables should 

be subjected to convergent/discriminant validity tests in order to 

learn what it is that one has actually measured. 

Our empirical research investigates the formation and predictive value of 

short term business attitudes obtained from surveys. These short-term atti

tudes have received relatively little .scientific treatment up to now, so that 

~ rst contribution lies in expanding our insight in the value of these 

particular attitudes. A second contribution lies in the application of a 

research approach which meets the last two needs and especially the second 

need above. A third contribution lies in expanding our knowledge of the value 

of economic attitudes in general and of the appropriate research approach in 

particular. 

A final contribution can be found in the multi-sector/multi-nation charac

ter of our results, which allows empirical generalization. 

3. Econometric and Time Series Methodology 

, Since the popularization of time-series theory by Box and Jenkins, a 

controversy has arisen over the us1 of "c1assical 11 econometric vs. time-series 
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in empir·ical economics. Briefly speaking, the 11pure 11 time-series 

ysts use statist·ical methodology for the specification :£..!l9 the ·estimation 

o mu t variate models, "pu econometricians employ these techniques 

after a suitabl~ model been specified on a priori grounds. 

In our opinion - and definitely within the present research context - an 

1 . • 1 combinat·ion the is prefera.b 1 e to either extreme. First, it 

sible to specify the following simple economic model of production 

vi 

current production = f(previous orders, previous expectations) 

i.e. production (P) is predicted by known demand (orders 0} and subj ely 

imat,ed future demand (expectations E). Second, it is difficult to specify 

cs of this model on a priori grounds alone; furthermore, the indivis

ibilJties in industrial production make the data series fairly smooth over 

ti,me, so that current levels may be strongly related to previous ones. Thus 

we need time-series methods to operationalize the economically plausible model 

on montply data. A simi.lar argument holds for expectation formation: if 

expectations are related to actual production, then they too should smooth 

over time. 

The tests on the various mode1s are based on the concept known as Granger 

causality (Granger 1969). To summarize this concept, X is said to Granger' 

~ause Y with respect to an information set containing X and Y, if the error in 

forecasting Y from its own past and the past of X, is lower than the predic"' 

tion error when on1y the past of Y is used. This definition applies wen to 

expectations modeling: that current production is partially predictable from 

previous expectations seerrts intuitively obvious. However, the critical issue 

is whether or not this predictive quality holds over and above simp1e time 

series extrapolation of past production data. In other words: do the survey 

respondents know and rev.eaT something about the future cannot be captured 
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by statist i ca 1 analysis of production data? Si nee the co 11 ect ion of survey 

data is costQy and time~consuming, it can be justified only if survey expecta-

tions Granger cause industrial production. 

The successful execution of a Granger causal analysis depends on specify-

i an adequate information set, and using statistical methods to disentangle 

intrastructure (i.e. past of Y) and the interstructure (past of X) in the 

Our information set includes Eerceived production and orders, the 

ons (i.e. the survey data), and the production accounts data. This 

i a irly complete information set given that accounting data on orders are 

available. 

Statistical methodology for separating intrastructure and interstructure 

was loped mainly in the seventies. One popular method correlates the 

residua 1 s· of univariate Box-Jenkins ana lyses on the series of interest at 

various lags (Haugh 1976, Pierce 1977). This method is very efficient for 

removing intrastructure, but is restricted td pairwise interstructure analysis, 

which may'be dangerous. A second method collects the Box-Jenkins residuals in 

a·multiple regression equation, called a 11 dynamic shock model 11 (Haugh and Box 

1977). This is a comprehensive approach, which is used infrequently because 

of practical problems: the lag structures may be distorted, the findings may 

be sensitive to the choice of a Box-Jenkins prewhiteriing model, and the opera-

tion is cumbersome and time-consuming.· Lastly, one may use traditional least 

squares. estimation in multiple regression models containing the past of Y and 

X (e.g. Sims 1972, Granger 1971). For example, for the information set {Y,X,J: 

00 00 

Yt = d + I akYt-k + I bQXt-Q + ut, 
k=l Q=l 

X ~ould Granger cause Y if {bQ] are statistically significant. If maximum 

lags K an~ L can be chosen without causing truncation bias, and if ~'sufficient 
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number of degrees of freedom are available, then these tests can be executed 

fairly safely. On the matter of testing the significance of {b2}, some Monte 

o simulation by Geweke, and Dent (1983) points to the superiority 

Wald's Chi-square test over other likelihood ratio tests. 

We will use the last method of Granger causality testing. Since this 

ique involves multiple regression analysis, the results must be inter

with caution so as to avoid unstable or spurious findings. Therefore 

following precautions are ken in the analysis: 

1. the models are estimated on stationary data, possibly after app.lying 

a stat i onarity-i nduci ng transformation. In addition, p'oss ib le 

co ll i neari ty among the 1 ags is reduced by preffl teri ng the data with 

a filter which removes the ghest common autoregressive order (e.g. 

Li u and Hanssens 1982). The state-of-the art in co 11 i nearity and 

outlier diagnostics is used to monitor the stability of the results 

(Belsley, Kuh and Welsch 1980); 

2. the cumulative effect of any regressor, e.g. the sum of {b2} must 

have a plausible sign; 

3. the in-sample results are supplemented by a 24-month forecasting 

test, using 1982 and 1983 data. Comparisons are made on the basis 

of the one-step mean squared forecast error. 

4. Data and Scaling Issues 

The empirical analysis is based on data from the European Community 

Business Survey. This mail survey is carried out by national institutions in 

the respective EEC member countries on a monthly basis. The EEC harmonizes 

the questionnaires between the member countries so as to insure the cross

national homogeneity of the measurement instrument and of the results. Each 

month a sample of some 20,000 enterprises is surveyed. 
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Five countries with sufficiently long time series for the survey data and 

the national accounts data were selected for analysis. The sample includes 

France (from June 1968), Germany (from January 1969), Belgium (from January 

), Italy (from January 1971) and Holland (from December 1972). In all 

cases the last month reported was December 1983, and a common 24-month fore

ing sample (1982-1983) was set aside. 

·In addition to investigating five different countries, the study also 

considers three different sectors 

intermediate goods sectors. 

the economy: the consumer, investment 

This choice was based on the fact that the 

accelerator effect is likely to make the investment goods sector more volati e 

the intermediate sector, which in turn should be more volatile than the 

consumer sector. Previous studies have tended to pool economic sectors and 

even countries, which may create some aggregation bias in the reported findings. 

Our main interest is in the 11 production expectations for the months 

ahead" question, the answers to which are recorded in a trichotomous way (up, 

unchanged, down). In addition, we consider the questions asking for a judgment 

of production trends in the last month (up, unchanged, down) and for the 

judgm,ent of current order books (above normal, normal, below normal). 

The data used for this study are aggregate response percentages under 

each respose category of the trichotomy. Since the results do not mention 

11 don 1 t know" or "missing11 categories, these percentages sum to 100 in every 

case. For expository convenience, the series containing the percentage re

sponses mentioning an increase will be labeled "UP", a decrease 11 00 11 and no 

change 11 EQ 11
• 

Survey responses are data of a different kind than the 11 objective" data 

economists are used to and require consideration of their nature before one 

proceeds to econometric or to time series modeling. The major issues are the 

substantive meaning of the responses and their measurement and scaling proper

ties. 
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The survey answers should not necessari1y be taken at the face value of 

the questions: the actual meaning of the responses should be revealed~ at 

in part, by validation studies. Econometric and time series models on 

survey response data are, to some extent validation attempts rather than only 

or predictive investigations. Some more limited face validity ques-

can examined direct.ly. r example, expectati~n and judgment ques-

ons are worded to ask for a ve assessment of production level's, 

on from ions, and s 1d of 

and of level (trend) The.se are p es one from 

measures. We suggest to these properties a matter for empir 

investigatio.n. 1 Our exper-ience ts that even these simple properties cannot be 

lished for the survey data, 

The survey results usecf for our study are the percentage di stri but ion of 

responses over three response categories (UP, EQ, 00}. Each survey question 

thus gives rise to three time se-ries' of percentag.es. The percentages are 

constrained to sum to 1. 0 for each observation. Irrespective of the numl'::l.er of 

response categories,. this situation is typical for survey work. It confronts 

the reseaY'cher wHh multiple, non-orthogona:l seri·es to represent the responses 

to a single survey ques,tion and, eventually, with the need to summarize such 

series in a meaningful and efficient way. 

If the response percentages were drawn 11 random1y 11 subject to the sum' 

constraint, their joint distribution would be Dirichlet. with parameters aUP 

aEQ a00 , and with means 

1The same remark holds time span in expectation or judgment formation. 
Combining monthly data to yield quarterly survey res.ponse indicators as in 
Nerlove [1983] or in Dramais 1broeck [1984] should done only after 
an empi cal verification of the nature o.f the crude data, if at all. 
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(i = UP,EQ,DO) 

Under this hypothesis one obtains the following useful results [Wilks 1962] 

nee 

(a) var(i) = rt;(l-t;) 

cov(i ,j) = rt.t. 
1 J 

(i = UP,EQ,DO) 

(i~j; i ,j = UP,EQ,OO) 

with r-1 = (aUP+aE0+a00+1) a measure of dispersion 

corr(i,j) = -t.t.~t~£:~1-t.} 
1 J 1 1 J J 

(b) for any i#j~k (i,j,k = UP,EQ,OO) 

i/(i+j) is distributed independently of k 

(4.1) 

(4.2) 

(4.3) 

(4.4) 

Under the Dirichlet assumption the percentage series UP,EQ,DO will obvi

not be uncorrelated. While the empir-ical correlation between any two of 

the three series may be nonsignificant, this will not reduce the overall 

of collinearity among the three series. This non-orthogonality leads to 

on of which variables should be used in regression analysis when 

are multiple indicators for a single survey question. Three strategies 

are lable (1) use some or all of the original series, (2) use linear 

formations of the original series or (3) use nonlinear transformations of 

these. 

1 · Use of original series 

Since the original UP,EQ and 00 series sum to one, all intercept regres

sion models incorporating two series as regressors will be observationally 

equivalent. If only one series is used, the selection should favor the one 

which is most meaningful and which summarizes the most information. The 

distinction between directional series (UP,DO) and nondirectional series (EQ) 
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is relevant. The researcher will normally be interested in predicting a 

directional (change) dependent variable for which directional regressors have 

hi face validity. The empirical correlations in our data show that the UP 

and DO series are substantially related, so that one of them picks up much of 

information in the other. If one series has been selected as a regressor, 

the information contained in the other series should not necessarily be dis-

' it can be used e.g. to build variable elasticities for the survey or 

other data. 

4.2. Linear transformations of original series 

Linear transformations of the original percentage series have been the 

favorite way of reducing multichotomous response percentages into single 

indi , the transformation being developed a priori or empirically. 

A priori transformations amount to asigning a value to each response category 

and to computin.g a weighted average. In the particular case of our data, the 

balance transformation 

BAl = UP-00 (4.5) 

is a favorite way to summarize the directional information. It is equivalent 

to a weighted average of the responses UP=l, EQ=O and 00=-1. The BAL series 

.can complement~d by .the non-directional EQ series as a second variable. 

Under the Dirichlet assumption outlined above, the correlation of BAL with EQ 

will be 

(4.6) 

Considering that UP and DO are trendless data over a sufficiently long period, 

tUP and t 00 should b~ nearly equal and thus BAL and EQ s uld be nearly orth

ogonal under the Dirichlet assumption. While our empirical correlations 
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~etween BAL and EQ are regularly significant as discussed below, the extent of 

collinearity is modest enough not to preclude the use of these variables 

intly as regressors. 

Empirically derived linear combinations will be based e.g. on the princi

pal components of the data. The attr·activeness (orthogonality, efficient 

summary of information) of such transformations should be traded off against 

lower face validity of indicators thus developed. 

3 Nonlinear transformations 

Many nonlinear transformations could be suggested. An intuitively attrac

ve transformation considers the fraction of positive answers in the total of 

directional answers. 

POS = UP/(UP + DO) (4. 7) 

The POS series is theoretically independent from the EQ series, which can be 

seen as an advantage. A potential drawback is that POS, in principle, is 

independent of the size of the balance between UP and DO (i.e. POS has the 

same value for 2 % UP vs. 1 % DO as for 20 % UP vs. 10 % DO). As a result, 

the POS series may need to be complemented by such variables as EQ or as the 

absolute value of the balance. Dramais and Waelbroeck [1974] develop the 

Majority-variable, closely related to POS, as follows: Majority= POS if POS 

~ .50, otherwise Majority= POS - 100%. The authors do not provide a rationale 

for this transformation. Compared to POS, one finds that Majority has become 

more of a dichotomous variable, since it will range between -1.0 and 1.0 

excluding the -.5 to .5 interval. We fear that this transformation reduces 

the information in the data excessively, while at the same time exaggerating 

the correlation between two likewise transformed variables. 

All the abovementioned transformations have a limited range, which makes 

them less suitable as dependent variables. Nonlinear transformations based on 
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assumption of a continuous latent variable and a discriminal process allow 

us to circumvent this problem [Bechtel 1981, Carlson and Parkins 1975]. Let 

f.represent the interval scaled attitude of individual i at timet, with 

the density of xt over the population and Ft(x) the corresponding cumu

lative density. Let the discriminal process be such that there are two cutoff 

points x00 and Xup cx00 < Xup> on the attitude continuum and that a DO response 

occurs if xt ~ x00 and UP response if xt > XUP and an EQ response if x00 < xt 

Since the attitude continuum may be interval scaled, we can arbitrar-

ly x00 = 0 and Xup=l and write 

(4.8) 

(4 .. 9) 

Since DO, EQ and UP provide only two independent infotmation elements, a 

two-parameter function ft{x) can be inferred from the data. If one opts for a 

symmetric two-parameter function, its central tendency and its dispersion 

provide us with two meaningful and potentially independent indicators. The 

1 ogit rel at i ons.hi p 

is an attractive formulation for a two~parameter cumulative density. Its 

parameters at,~t can easily be inferred from the DO, EQ and UP data using 

(4.8) and (4.9). The central tendency of ft is located at xct such that 

Ft(xc) = .SO, name1y xct = at/~t· The slope of Ft(x) at xc serves as a mea-

. sure of concentration of ft(x) around xct and equals ~t/4. While these mea

sures of central tendency and of concentration (denoted as CENTRAL and AGREE 

for the ion) are independent in principle, empi ical cotrelations 

between them cannot be ruled out. 
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4.4 Study of empirical correlations 

The previous discussion shows that varied set of indicators can be sug

gested to represent multichotomous survey responses. Some empirical results 

are helpful in order to reduce the complexity of the problems. These results 

are based on a study of corre·lations between the variables UP, DO, EQ, BAL, 

P.OS, MAJORITY, CENTRAL and AGREE for the question on production expectations 

as meas~red for three industrial sectors and five countries. Since all of 

these correlations are based on more than 100 observations in general, they 

are fairly reliable. Such a study shows the following results: 

1. the correlations between BAL and CENTRAL range from .97 to .999. 

2. the correlations between BAL and POS range from .91 to .99 with an 

average of .97. These results indicate that one should be indif

ferent between BAL, CENTRAL or POS. 

3. the correlations between BAL and MAJORITY range between .74 and 

.92, with an av~rage correlation of .87. While BAL and MAJORITY are 

substantially correlated, they are not virtually identical. This 

may be due to the fact that they contain different systematic infor

mation; we suggest that it may also be the result of downgrading of 

information in the MAJORITY transformation. 

4. two nondirectional measures, EQ and AGREE have been investigated. 

When choosing either orie to complement BAL or MAJORITYt one will 

most likely select the least collinear complementary variable. The 

correlations show EQ to be less collinear in general with either BAL 

or MAJORITY. The correlations of EQ with BAL range between .04 and 

.57 in absolute value, with an average (absolute value) around .2; 

the correlations of EQ with MAJORITY range between .01 and .39 with 

an average around .15. 
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The empirical data indicate that there is no clear evidence in favor of one 

particular set of variables or transformations. The practice of using Balance 

es in order' to indicate di on, eventually supplemented by the EQ 

es as nondirectional data is certainly not worse than any other approach 

and has the advantage of remaining close to the meaning of the original survey 

data. our work also uses itudi na l data as dependent vari ab 1 es, we 

prefer the central tendency transform which is not constrained in range and is 

most perfectly correlated wi ance data. 

5. Empirical Results 

5.a. Forecasting Production Judgments 

The first criterion of usefulness of survey expectations is that they 

predict subsequent judgments, or manufacturers 1 perceptions of production 

activity. In a Granger causal context, we define an information set of three 

survey questions: production judgments, order judgments and production 

expectations. Thus, the implicit model is: 

CURRENT PRODUCTION JUDGMENT= f [PAST PRODUCTION JUDGMEN1S, PAST 

ORDER JUDGMENTS, PAST EXPECTATIONS] 

and i.s hypothesized to outperform the univariate model 

CURRENT PRODUCTION JUDGMENT = g [PAST PRODUCTION JUDGMENTS] 

The inclusion of past orders in information set is justfied because orders 

are logically related to future production. Since this information can only 

be obtained via the survey, this variable is treated in the same way as the 

expectations. 
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Following the results of the scaling investigation, the survey results 

were transformed to an overall sentiment level (central tendency) and a senti

ment homogeneity (agreement) scor·e. The logit-derived central tendency was 

used because it is not range-constrained, and thus more appropriate in a 

regression context than the balance data. The sentiment homogeneity variable 

was initially included in the models, but never contributed significantly to 

the results. In addition, this variable causes collinearity problems, pre-

sumably because it lacks variance over time. For example, the percent ''status 

inions in Germany centers around 74, with a very small standard devia~ 

tion. Therefore, all opinion variables are measured with one instrument: the 

central tendency of the sentiment. 

Univariate Box-Jenkins analysis on the survey series revealed that they 

are stationary, amd strongly autoregressive. Thus, for multivariate modeling 

it is desirable to apply a filter to the data, in this case an AR(l) filter 

because all series share this pattern. The filter parameter was set at 0.75. 

The effect of prefiltering on collinearity in the models is dramatic; for 

example, the tolerance level of some explanatory variables increased from .05 

to .80, which benefits the reliability of the OLS estimates. 

The specification of lag orders in the models was done as follows: 

(1) production judgment series were whitened by an AR(3) process in con-

junction with a seasonal AR(l) of length 12a. Although this model may not be 

the most parsimonious in all cases, it is the most parsimonious common 

ait is interesting to observe that a mild seasonal pattern in the production 
judgment data exists, even though the survey explicitly requests seasonally 
adjusted opinions. 
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univariate model for the five countries and three sectors in the sample; 

(2) The three most recent lags bf expectations were included on a priori 

grounds: the survey expectations are reported for the next quarter; thus up 

to three lagged expectations could be related to current productionb; 

(3) Likewise, one lag for orders was included, because that question invites a 

month-by-month comparison of ordering activity. Adding higher order lags did 

not improve the results. 

·' In conclusion, the models were estimated as follows: 

variate: 

mul variate: 

where FPt = (1 ~.75 l)Pt (production central tendency) 

FEt:::: (1- .75 L)Et (expectations central tendency) 

FOt = (1- .75 L)Ot (orders central tendency) 

(5.1) 

(5.2) 

in-sample results (pre-1982) are reported in Table 4 1 and the out-of-

le (1982-83) in Table 5. The findings strongly suppor-t the hypo-

thesis that expectations Granger cause production judgment: (1) Wald's 

Chi-square is signifi in 13 of 15 cases at p < 0.05 for the in-sample 

analysis, (2) the expectations improve the forecasting error in 14 out of 15 

predictions for 1982-1983. The range of forecasting improvement is 5 to 43 

percent, averaging around 20 percent. 

bAlternatively, Dramais and Waelbroeck (1984) replace the production series by 
three-month moving averages. We found that approach to problematic when 

me-ser-ies methods are used. 
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In conclusion, there is strong evidence of internal consistency of the 

survey data: manufacturers' current judgments of orders and current production 

expectations are useful in predicting next period's production judgments 

so, the role of the expectations is stronger than that of the orders: the 

expectations parameters and their t-ratios are generally higher (both series 

have about equal means and variances). 

5.b. Forecasting production accounts 

If manufacturers' assessments of production activities are accurate, and 

if the survey sample is adequate, the results of the analysis so far should 

to objectively measured production data. However, it is not obvious 

- that such wi 11 be the case, because there may be systematic bias in the sur

veys over time. For example, a manufacturer may report increased pi'Oduction 

because he recalls reporting an optimistic expectation 1ast month and does not 

~ant to appear inconsistent. Thus, a replication of the mode1s on a different 

data source is at order. 

National accounts production data were obtained in the form of time 

series of indices for the same sectors and countries, where December 1975 is 

scaled as a base index 100. Although seasonally adjusted data were also 

lable, the analysis is done on raw numbers. It is preferable to analyze 

the time-series properties of these raw data and, if necessary, to use an 

appropriate transformation, for example a stochastic filter. The results of 

mul variate modeling may be substantially different between original and 

seasonally adjusted data (e.g. ige and Pearce 1979). 

The production indices exhibit strong seasonal behavior, as expected, and 

also a trend, so that regular and seasonal differencing was necessary to 

achieve stationarity. The transformed series were correlated with the 

production judgment data in order to obtain a first, crude idea of the cor

~espondenc~·between the two. As illustrated in Table 3, 14 out of 15 



ons are not significantly different from zero, and the only signifi

result has a negative sign. Thus there is overwhelming evidence that 

on judgments and production accounts are widely different measures of 

c activity. Therefore the additional test on the value of production 

·is not trivial. 

gn of the Granger test on production accounts data is similar to 

one used in the survey analysis. production indices (after differenc-

are whitened by an AR(3) process plus a seasonal AR(l) component of 

Thus the models are: 

ate: 

+ 61L FOt + vt 

+ 

(5.3) 

L3 + PlzL12)It + (ylL + y2L2 + y3L3}FEt 

(5.4) 

where It = INDEXt - INOEXt-l - INDEXt-l2 + INOEXt-l3 

results are summarized in the bottom sections of Tables 4 (in-sample) 

S (fdr~casting). For the in-sample analysis, although the r~sidual vari-

ances ate 1y lower expectations are included, Wald's Chi-square 

test is not significant in 14 out of 15 cases. The forecasting test confirms 

this pattern, n.g on1y 4 cases where a forecasting improvement 

occurred. The conclusion, is Granger causality of survey expecta-

tions on production accounts cannot be established. 

S.c. 

Wi n information set containing survey and accounts data it is 

possible to pefform a li ted is of factors influencing production 
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expectations. The task is different from some published empirical investiga

tions of rationality, because quantitative expectations that are directly 

comparable to the actual outcomes are not available. For example, Friedman 

(1980) was able to compare actual interest rates to point forecasts, which are 

measures of interest rate expectations. 

Since the results on the predictive value of survey expectations are 

mi , two. questions arise: (1) do the expectations make an eff·icient use of 

historical information?, and (2) are they updated as new information becomes 

1able? A positive answer to both would be a necessary, but not sufficient 

on for rationality. 

Methodologically, both questions can be cast in a Granger causality 

First, consider the univariate model 

(5.5) 

(5.6) 

cmodel (5.S) outperforms (5.5), we would have evidence of insufficient use 

historical information. Indeed, if the expectations are rational, then 

they incorporate all previous production information, so production accounts 

data should not Granger cause expectations. 

Second, consider the multivariate model 

(5. 7) 

If the manufacturers effectively incorporate new (i.e. current) production 

information in their forecasts. then 6 should be significant in the equation. 

An extension of this idea is to consider three forms of new information: 
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the current on i 

... the current production judgment 

the current order j Ot 

ly speaking, It is not immediate available in numeri ca 1 form, but one 

can assume that it is felt immediately by those closest involved with indus-

activity, the manufacturers. Since It are uncorrelated, the 

on arises as to whether manufacturers react to an objective measure 

on or to their perception of production or both. 

In order to avoid speci cation bias, the hypotheses of efficient use of 

historical and new information are jointly, i.e. using d 
, a 

mo~ e t 

(5.8) 

maximum 1 orders Et-k and It-t were set at 3, which is consistent 

ous analyses. Experi with higher-order lags revealed no addi-

resu are summarized in Table 6, which contains t-values of the 

sion parameters, for ease exposure. Generally they indicate that 

hi cal information is used efficiently, and that new information updating 

occurs: 

( only 7 out of 45 lagged production accounts parameters are significant. 

In other words, previous production levels are generally incorporated in 

previous expectations levels. It is interesting to observe that 5 out of 

7 exceptions occurred in 

single-equation 
(between production and 
there is no autocorrelation 

i rmediate sector. 

from simultaneous-equation bi s 
the system ·1 s recursive and 
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(2) the updating variables (current production accounts, current orders 

judgment and current production judgment) contribute significantly to 

current expectations levels. out of 15 regressions have at 

least one significant updating effect. Interestingly, current order 

judgments are gene ly the strongly associated with expectations. 

so, it appears that the survey are used more strongly than the 

production accounts data. 

6. ions and Discussion 

This paper has presented an empirical evaluation of the value of survey 

reported production expectations data. At the methodological level, we have 

compared various methods for i survey expectations. Also, we have 

stres the importance of exami ng the time-series properties of the data in 

buil ng evaluation models. Speci cally, we recommend that tests of the 

forecasting value of expectations be based on the concept of Granger causality. 

the empirical level, our recommendations were used on EEC production 

ons and order judgments for three sectors in five member countries. 

n ndings are (1) survey expectations and order judgments Granger 

cause production judgments, (2) survey expectations do not Granger cause 

production accounts, and (3) survey expectations make an efficient use of 

historical and new production and orders information. The findings are gener

ally consistent across countries and economic sectors; one exception is that 

the intermediate sector is possibly less efficient in using historical informa

tion. 

The apparent confli in our on the forecasting value of survey 

expectations is intriguing and important. It is not possible to state a priori 

that either production judgments or production accounts ~re better measures of 
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e 1. Overview of research questions concerning survey based economic attitudes 

past 
accounts 

current judgment 

l,C 
Do current judgment 

on mea-
on sure a common under

lying factor? 

on 

2,C 
How accurately do 
judgment and con
current realizations 
correspond? 

3,F 
Is current judgment 
explained by 
its own past? 

4,P 
How 1 do past 
expectations predict 
current judgment? 

5,F 
Do current judgments 
depend on the history 
of past accounts 

current expectation* current accounts 

l,F,C 2,C 
Does current expecta-
tion depend on current 
judgment? 

7,F 
Do current expectations 
depend on current 
accounts? 

8,F 
Do current expectations 
depend on past judg
ment? 

9,F 
How well are current 
expectations explained 
by their own past? 

7,F 
Do current expecta
tions depend on 
past accounts? 

not appli le 

lO,P 
How well are current 
accounts predicted 
by past judgment? 

ll,P 
Are current accounts 
predicted by 
their past expectations? 

12,P,F 
Do present accounts 
depend on their own 
past? 

*Current expectation denotes expectation of a future event, formulated today. 
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Table 2. Correlation matrix of expectations series 

Correlation Mean percentage 

Countr~ Sector UP-EQ UP-DO EQ-DO UP E.Q DO 

um CON -.2.5 -.43 .19 .57 .23 

INV -.78 .58 . 26 

INT .15 -.76 -.76 .15 .25 

CON -.62. -. 76. -.05 . 28 .60 1? 
"' _.,J,.(_ 

INV -.27 -. n· -.41 .25 .59 .16 

INT -.17 -.78 -.48 .21 .64 .15 

CON -.48 -.63 -.38 .14 .74 .12 

!NV -.12. -. 75 -.57 .13 .75 .12 

!NT -.14 -.65 -.66 .13 .74 .13 

Holland. CON -.61. -.35 -.53 .14 .77 .10 

INV -.56 -.28 -.63 .10 .78 .12 

INT -.58 -.42 -.50 .17 .71 .12 

Ita CON -. 38 -.62 -.48 .20 .62 .17 

INV -.53 -.69 -.25 .18 .66 .16 

INT -.29 -.65 -.54 .18 .67 .16 



Table 3. 

CONSUMER SECTOR 

SECTOR 

INTERMEDIATE SECTOR 

BELGIUM 
(N=131) 

.10 

-.04 

.08 

FRANCE 
(N=164) 

.03 

-.03 

-.04 

GERMANY 
(N=l43) 

.09 

-.01 

.10 

HOLLAND 
(N=109) 

.09 

ITALY 
(N=115) 

-.04 

-.14 

-.21a 

*the accounts data are differenced (regular and seasonal) to achieve stationarity 

asignificant at p < .05 
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Consumer 

Survey 
Reported Investment 
Production 

Intermediate 

Consumer 

National 
on Investment 

Accounts 

Intermediate 

FRANCE GERMANY 

a c .232 5.37 .500 .20 .194 12.37 .148b 13.62d* 
.411 9.17 .456 3.91* .617 7.43* .246 12.12 

.156 8.76 . 338 3.45 .340 5.79 .238 24.96 

.339 7.04* .508 2.64* .544 4.10* .289 24.37 

.174 16.68 .380 5.63 .379 14.80 .172 21. 

.402 12.69* .622 3.53* .618 9.36* . 382 17.02* 

.374 26.70 .475 34.68 .355 .52 30.80 

.421 25.34 .417 35.49 .389 22.04 .425 35.04 

.433 13.01 .379 19.12 .429 .95 .393 8. 72 

.501 11.86* .407 18.77 .455 14.73 .435 8.62 

. 313 24.63 .349 10.54 .189 l.62 . 305 15.44 

.372 24.29 . 372 10.45 .234 7.43 . 365 14.63 

a R2 for the univariate model (on filtered or differenced series) 

b R2 for the model including expectations 

.224 18.12 

.296 15.16* 

.147 16.67 
.. 361 12.83* 

.128 14.53 

.338 11.33* 

80.58 
. 203 79.39 

. 292 39.12 

. 317 39.52 

.115 20.56 

.209 19.24 

c Residual variance for the univariate model (X 5 reported production) 

d R2 for the model including expectations 

~Denotes significant variance reduction using Wald 1 s Chi-square test, at p < .05 
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Table 5. Mean sguared~forecast errors: 1982-

BELGIUM FRANCE GERMANY HOLLAND ITALY 

Consumer a 7.02 4.66 3. 8.58 14.38b 
11.36 5.52 5.32 3.52 7.26 

Investment 5.22 4.18 10.14 4.69 12.06 
4.27 3.20 8.10 3.94 9.85 

Survey 
Reported Intermediate 11.82 14.38 12.45 12.72 8.57 
Production . 9. 60 10.20 7.05 8.31 6.97 
(X 1000) 

Consumer 20.91 48.92 15.03 18.09 46.98 
22.48 50.54 14.87 18.39 47.22 

National 
Production Investment 8.30 10.72 12.44 11.89 32.18 
Accounts 11.20 11.62 12.99 13.44 34.20 

Intermediate 25.73 3.57 7.64 21.00 11.74 
21.06 3.66 6.96 19.69 16.16 

-"·--------
a MSFE for the base model (univariate), retransformed to original levels 

b MSFE for the model including expectations 
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Lble 6. formation models* 

BELGIU~1 FRANCE GERMANY HOLLAND ITALY 
Explanatory Time 
varia~ CON INV INT CON INV INT 

T-1 1.46 3.35a " 4. o2'' 3. 7la -2.25° -2.89a -3.653 .99 .73 1.06 .16 -1.03 1. 01 -1.24 - .24 

Expectations T-2 .57 2. 1.09 -.51 .18 .. 48 ..:2.68a 1. 44 -.28 -1.33 -2.84a -2.d' -.16 1. 33 .09 

T-3 -.47 -1.63 -.04 -.16 -.08 -.17 -5.66a -3.08a -3.053 2.813 1.10 -1.13 -.59 -.92 .09 

Production accounts r -.23 -.32 2.37° -2.49° .83 2.953 .48 -.25 1. 93c .57 .25 1. 37 .78 -.11 2.29° 

Orders judgment T 2. 79a 3. 2~ 4. 4.013 4.913 6.313 2.4lb· 2.5lb 2.24b .77 1. 92c 1.40 2.26° 2.923 

Production judgment T .89 -1.13 1.38 .. 69 1. 96° -1.21 -2. ao3 -1.15 -2.65a .02 2.21° 2.15° -.36 -4.123 -1.27 

T-1 . 56 .62 1. 31 -1.12 1.16 2.1lb 1.43 .72 2.83a .52 . 52 1. 97° -.01 -.56 .24 

Production accounts T-2 1.21 1.63 1.44 -.51 .61 1.10 1.00 1.08 2.30° .79 1.12 1.00 1. 05 .85 1.39 

T-3 -1.94c 1.06 1. -.62 -.94 .87 -.39 -.59 1.44 1. 75c -.19 1.16 -.72 -.21 .59 

R2 .23 .28 . 39 .27 .34 .40 .31 .26 .29 .21 .23 .19 .09 .22 .19 

N 121 121 160 160 160 140 140 140 103 103 103 106 106 106 

F J.i" 4. 7 6. 8.6a 11. 5.12a 5.983 z.8o11 3.12a 2.35° 1.04 3.09g 2. 

"The regression parameters are represented by their t-va1ues and overall signtfkance levels a{p < .01), b(p < .05) and c(p < .1}. 
The sur·vey data are filtered by regular and seasonal differencing. 
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