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Abstract 

Contemporary time series techniques are applied to agricultural economic data. 

Particulax emphasis is placed on tests for unit roots where there may be 'structural 

shifts' in the processes generating the data. There is extensive use of recursive 

estimation procedures where 'structural break points' are estimated using the 

data. How recursive tests form a useful complement to more established tools is 

demonstrated. 

Recursive versions of existing seasonal root tests are developed in Chapter 

2. Critical values are tabulated, and the tests are applied to agricultural price 

data. The third chapter examines a modified recursive test for structural stability 

between cointegrating relationships. Evidence is presented which shows that the 

power of existing tests are poor. A modification is recommended and employed in 

subsequent chapters. Granger-causality between minimum wages and the average 

wage in agriculture over the post-war period is re-examined using recursive tests 

within a cointegrating framework in Chapter 4. The conclusions are different to 

previous studies. The efficiency of the milk quota market is tested in Chapter 

5. Recursive tests for unit roots are employed, although the main focus of this 

chapter is to present evidence that the milk quota market is inefficient because 

producers fail to forecast inflation. The Almost Ideal demand model is estimated 
in Chapter 6. Bulgarian consumption data is used over the post-transition period. 
The recursive tests imply that the Almost Ideal demand system may usefully 

specify a set of structural cointegrating relationships. However, they also indicate 

substantial structural changes in the parameters of the model. Finally, an article 

recently published in Economic Letters, but which is outside the general theme 

of the thesis, is entered in 'support'. 
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1. INTRODUCTION 

1.1. Theme 

The theme of this thesis concerns the exploration of time series techniques applied 

to agricultural economic data with special reference to unit roots, cointegration 

and structural change. It examines, uses and extends some techniques which have 

recently been developed. 

1.2. Thesis Structure 

This chapter outlines the structure of the thesis and contains the relevant back- 

ground material. Section 1.3 gives a brief historical account of the development 

of cointegration and also makes remarks about the practice of econometrics in 

the agricultural branch of economics. 
The second chapter proposes a recursive type test for seasonal roots. Essen- 

tially, this will link the work of Hylleberg et al. [87] with the work of Zivot and 
Andrews [182]. It is demonstrated that, as in the case of unit root tests at the zero 
frequency, seasonal root tests can have low power to reject seasonal roots where 
the seasonality is of a deterministic type which undergoes a 'structural change'. 
The critical values for quarterly tests are derived using Monte Carlo simulations 

and the tests are applied to agricultural price data in the US. The results are 

compared with those of the standard HEGY [871 tests. 

1 
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Tests for structural change in cointegrating regressions with I(I) data are 

examined in Chapter 3. These tests were developed by Hansen [75], using the 

modified estimation procedure of Phillips and Hansen [151]. It is shown that 

the test proposed by Hansen has low power if the original long-run variance 

estimate is used in the construction of the test statistics. It is proposed that the 

potential structural break point is first identified, and that the long-run variance is 

estimated contingent on this structural break. This procedure is demonstrated to 

have substantially better properties than the standard test proposed by Hansen. 

These tests are employed in subsequent chapters. 

Granger-causality between the minimum wage and the average wage in UK 

agriculture is tested in Chapter 4. The two series are examined to see if they are 

integrated and cointegrated using the standard tests for unit roots in conjunction 

with the recursive tests of Zivot and Andrews [182], Gregory et al. [70] [71], 

McDermott [118] and a recursive version of the Johansen [89) [90] procedure. 

The tests for structural change discussed in Chapter 3 are also employed. The 

results of these tests are shown to be highly consistent with the hypothesis that 

the minimum wage in agriculture is cointegrated with the average wage, once a 

structural break has been accounted for. The standard causality test is employed 

in conjunction with the testing procedure outlined by Mosconi and Giannini [127]. 

Upon examination of the impulse response functions, it is concluded that there 

is tentative evidence in favour of the hypothesis that causality flows in both 

directions and that the minimum wage may drive the average wage down. 

The work in Chapter 5 tests the rationality of producer price expectations in 

the UK milk quota market. ' Recursive tests axe employed in testing for integra- 
'The data for this study was taken from a previous study by P Baker [7]. The author also 

acknowledges Paul Baker's input in other directions. 
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tion in, and cointegration between, the milk quota price and the retail price index. 

The UK milk quota market has undergone some substantial structural changes, 

and the tests of Zivot and Andrews [182] are employed to assess if there was a 

substantial change in the behaviour of the series. It is concluded that agents have 

not fully used all information. A behavioural model is articulated, which explains 

this inefficiency in terms of a failure to forecast inflation. Non-nested hypothesis 

tests are employed to test this proposition. 

The Fully Modified (FM) method of Phillips and Hansen [151] is used to 

estimate the Almost Ideal (AI) demand system of Deaton and Muellbauer [491 

[48] in Chapter 6. The recursive tests discussed in previous chapters are also 

incorporated into this chapter. The estimation of 'duality based models' [5] [31] 

have been common in agricultural economics. These studies have largely ignored 

the cointegration approach. The data used in this section will be post-transition 

data for agricultural food', other food and non-food. Significant evidence is 

found for structural breaks, with rather weak evidence that the parameters of the 

Al model are cointegrating vectors, even after a structural break is accounted 
for. The restricted SUR and FM estimates, and the associated elasticities, are 

presented and compared. 

Finally, there is an article which was recently published in Economic Letters[9] 

which is included in support of this thesis. This article extends the Carlson Parkin 

Method for using semi-quantitative data for quantitative predictions of inflation. 

2 This term is used (for lack of a better one) to describe the aggregate of bread, meat cheese 

and milk. 
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Background 

1.3.1. Unit Roots and Cointegration 

The market for new econometric tools is insatiable. Arguably, the rnisuse of a 

new technique is more highly valued than the correct use of an old one. However, 

it is the utility of a tool which will determine its longevity. Furthermore, if the 

use of a tool can be linked to a wider methodological framework then it is doubly 

useful. This is precisely what has happened in the last twenty years with the 

development of unit root tests and the cointegration framework. 3 

The topic of cointegration is built upon the fact that many economic data 

have trends. The appropriate modelling of these trends is still under debate. 

Historically, trends have been more commonly modelled as deterministic functions 

of time (deterministic trends). A popular alternative has been to treat trends as 

arising from unit roots in stochastic difference equations (stochastic trends, see 

[78, Ch. 2]). In the broadest sense, cointegration has come to be interpreted 

as the methodology of determining whether trends in the data are stochastic 

or deterministic and then attempting to estimate and make inferences about 

long-run relationships, although this is not its literal definition [54, Section 2]. 

As importantly, the formal definition of cointegration is closely connected with 

the formulation of error correction models (ECMs), which had been partially 

developed without the explicit formalisation of cointegration [1]. 

The subject of cointegration ha-s been heralded as a revolution [158, p. 11 and 
has perhaps gained the status of a paradigm. ' However, some of the initial claims 

made for this paradigm have proved to be over ambitious. To quote Blaug; 'The 
3 For basic concepts and definitions refer to [55) Chapters 2,3 and 5, or alternatively, the 

textbooks [33] [10]. 
4A paradigm in the Kuhnian sense defined by Caldwell [26, p. 711- 
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history of economics is not so much the chronicle of a continuous accumulation 

of theoretical achievements, as the story of exaggerated intellectual revolutions in 

which truths already known are neglected in favour of new Tevelations' [19, p. 4]. 

This is perhaps also true of econometrics. 

The introduction of unit root tests [52] and the formulation of the notion 

of cointegration spurred a large number of studies which were wholly open to 

the charge of being 'measurement without theory'. 5 There was a temptation for 

researchers to 'search out' cointegrating relationships. Such a methodological 

approach inaccurately identified 'cointegration' as the latest incarnation of the 

Inductivist philosophy [42, Ch. 8], a charge also levelled at the whole subject 

of 'Time Series Analysis'. The reasons for the initial association of cointegra- 

tion with 'measurement without theory' are understandable. There were several 

threads attaching cointegration to the Time-Series approach, rather than Simul- 

taneous Equation Model (SEM) tradition developed by the Cowles Commission: 6 

In the 1970s there was growing dissatisfaction with the performance of SEM 

modelS7. Time-Series and SEM models were viewed as competing alterna- 

tives. 8 Cointegration did not unambiguously fall within the Cowles Com- 

mission tradition, since the practice of running cointegrating regressions 

was to some extent (early on) a return to a single equation approach. This 

may be partly due to the proof of consistency in cointegrating regressions 
5 The charge levelled at the work of 'Business Cycle Theorists' (see [126, Ch. 2]) by Koopmans 

in 1947 [101]. 
6 See M Morgan [126] and Qin [155) for the relevent history. 
7 According to Pagan [136], existing dissatisfaction probably 'surfaced' as a result of the failure 

of large-scale models. 
8 Principally due Sims [164] 

, who argued inter alia that large scale models were not overiden- 
tifed, and proposed the Vector Autoregression approach, where economic hypothesis were used 

in the 'second stage' [164, Ist para, Section 21. 
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where the errors are not contemporaneously uncorrelated with the regres- 

sors [139]. The results suggested that the 'simultaneity problem' would not 

necessarily interfere in obtaining consistent estimates from single equation 

regressions (see Hatanaka [78, p. 152 ]). 

There is an element of data dependent specification in the cointegration 

approach (as in the LSE approach9). The univariate behaviour of the data 

are examined prior to estimation, and the specification of the equations 

may be altered accordingly. This approach was also evident in the popular- 

isation of the Johansen [89] [901 procedure, where researchers start with a 

Vector Autoregression, then apply rank restrictions providing they cannot 

be rejected. Having constructed the cointegrating relationships, structural 

interpretations were then 'thought up' [77, p. 4]. At its most extreme, this 

approach relegated theory to the role of variable selection and as a post 

estimation explanatory device. 

4P It was demonstrated that standard inference was not, in general, valid in 

cointegrating regressions [139] [1401. Initially, this led to regressions where 
the only attempt at inference concerned whether the variables were cointe- 

grated. The absence of any attempt to 'test' economic theory (in the man- 

ner of Neyman-Pearson), did not appear to conform to the falsificationist 

methodology to which a proportion of the discipline claimed to adhere. 10 
gThe approach identified closely with Hendry and his co-authors (see Hendry [80], the last 

chapter of Spanos [168], and for a summary, Pagan [136]). 
10 As argued by Caldwell [261 and McCloskey [117] [116]; it is not clear that any methodology 

can claim to have the majority support of economists, or of the phihosophy of science. For some 

strongly expressed statements in favour of the falsificationist approach see Darnell and Evans 

[42]. 
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These perspectives were more apparent than real. Viewing static structural 

models as potential cointegrating vectors offered a neat union between structural 

modelling and the cointegration approach. Cointegration has offered a bridge be- 

tween time series models and modelling of the 'steady state' through the 'Granger 

Representation' theorem [78, p. 1401. This theorem also has done much to organ- 

ise econornists' thinking about the long-run and short-run, and the interactions 

between the two. 

The application of cointegration to single equations rather than systems was 

more of a stage in its development than an integral part of the methodology or the- 

ory. The methods of Johansen [89] [901, Park [138] or Phillips and Hansen" [151], 

have shown that inference within cointegrating regressions are equally applicable 

to systems as they are to single equation regressions. The existence of multiple 

cointegrating vectors between several variables also means that the old problems 

of identification are as relevant to estimating cointegrating relationslAps. 12 

The prior examination of the data, or the testing for cointegration does not, 

in itself) signify any great departure from how econometrics has always been 

practiced. Progressive modification of auxiliary hypotheses upon failure of the 

data to conform with the initial auxiliary hypotheses has always been part of the 

practice of econometrics. 13 Even the most fervent supporters of the 'traditional' 

econometrics approach, condone progressive modifications of a model [42, p. 641- 

More controversial, however, is the nature and the type of search procedure that 

is adopted. Much of what constitutes 'cointegration theory' has little to do with 
"For a review of these, and other methods for estimating cointegrating relationships, along 

with an analysis of their performance, see Hargreaves [76], and Gonzalo [66]. 
12 A problem which has recently recieved. attention [147] [91]. 
13 In its extreme form, pejoratively termed 'data mining', and humourously described in 

Leamer [1041. However, the subject of pre-test bias remains a problem in any model respec- 

ification. (see Giles and Giles [65)). 
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this debate at all. The difficulty lies in that the 'theory of cointegration', is 

an amalgam of formal results and methodological prescriptions. For instance, 

cointegration theory contains important theoretical results which outline how 

the properties of estimators may depend on the behaviour of the data. These 

results are, in themselves, not disputed. However, the implication which applied 

researchers draw from these results is that it is imperative that the data be pre- 

examined. 14 Furthermore, while it does not follow that any applied researcher 

must treat the raw data as having a unit root upon failure to reject one, the 

'cointegration approach' elevates the unit root hypothesis, to one which should 

be maintained until it can be rejected. 15 

The treatment of the unit root hypothesis as a maintained hypothesis still does 

not find universal acceptance. " Much of the theory in the area is asymptotic, 

which leaves it open to the challenge that it is not relevant to small samples, since 

some of the methods seem to require very large numbers of parameter estimates 

on limited data [77, p. 4-5]. In finite samples the researcher is often left with a 

choice between a multitude of competing auxiliary hypotheses (none of which can 

be rejected for the sample) each leading different conclusions. Consequently, the 

initial biases of the researcher will very often determine the end result. This, 

however, is nothing new. 17 

The unit root debate has been particularly influential in the area of macroeco- 
14 Again, Darnell and Evans seem to argue that this is bad practice [42, p. 64]. Their argument 

seems to be that the behaviour of the data should itself be 'explained' by economic theory. 
15 For instance, the textbook by Maddala [113, p. 5981 clearly takes this view. Furthermore, it 

has been argued that this may not be such a bad prescription [149]. 
16 See the paper and Campbell and Perron [27] and the replies of Cochrane [351. Also, see 

Sims [165] [166] and Phillips [150]. 
17 For a recent discussion of this issue and the arguments surrounding the development of 

Bayesian econometrics, see Qin [156]. 
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nomics. The seminal work of Nelson and Plosser [129] highlighted the fact that 

many macroeconomic series may have unit roots, or in some cases, may be ran- 

dom walks [74, p. 4361. The debate stirred interest, not because is cast doubt on 

conventional methods of estimation and inference in existing econometric models, 

but because it suggested that shocks to Gross Domestic Product (GDP), prices, 

unemployment and so forth may be permanent. 18 The dichotomy between trends 

and cycles had been one of the cornerstones of Keynesian, Monetarist, and New- 

Classical schools [167, Ch. 3-61. The assertion that GDP was a random walk 

seemed to draw the usefulness of this dichotomy into question. 

Unsurprisingly, the testing of unit roots in macroeconomic data has contin- 

ued. An alternative to the unit root hypothesis is that the variables are station- 

ary around a broken trend (or broken trends). This implies that there may be 

structural changes in the equations which are used to characterise the univariate 

behaviour of the data, and structural changes may therefore bias tests for unit 

roots. Furthermore, since it was demonstrated that conventional methods of in- 

ference were biased in cointegrating regressions, it was pertinent to reconsider 

existing tests for structural change. Economists were additionally influenced by 

the oil shocks in the 1970s which highlighted existing concerns about the stability 

of parameters in econometric models. The fact that the parameters in economet- 

ric models may not be invariant to policy changes (and changes in the behaviour 

of conditioning variables) was higlilighted by Lucas [109] and further formalised 

into the notion of super-exogeneity by Engle et al. [56]. 

Econometricians have frequently used the tests developed by Chow [36] in or- 
der to test for structural change in regressions. The application of the Chow test 

18 Though this notion may be misleading [35]. Cochrane notes that that some writers may 
have confused random walks and general processes with unit roots. 
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requires the separation of the sample into two or more parts, and then testing 

for the equality of the coefficients across equations estimated over the different 

sample periods. 19 In the case of time series regressions this test requires that the 

point at which a structural break may have occurred is pre-specified, or alterna- 

tively, an arbitrary point half way through the sample is chosen. Quandt [157] 

suggested a sequential version of this test based on the likelihood ratio statistic 

which tested for structural breaks at an unknown time point. However, strictly 

speaking, Quandt did not develop the distributional theory for recursive or se- 

quential tests of this sort. Further recursive tests were suggested by Brown et al. 

[23] who introduced the CUSUM and CUSUMSQ tests for structural change in 

OLS regressions. 

The consequences of structural shifts on unit root tests have been studied by 

Perron [142) [142], Perron and Vogelsang [144], Banerjee et al. [11], Lee [1061, and 
Zivot and Andrews [1821. The last two of these articles introduced the recursive 

estimation using shifts in mean and trends. The article by Lee [106], extends 

the procedure to deal with multiple broken trends. The key result which was 
developed in Zivot and Andrews [182] and Banerjee et al. [111 is that in recursive 

tests (given certain assumptions) the smallest and largest statistic generated by 

the sample over recursive estimation converges in distribution. 

In general this work suggests that, while unit roots may still exist, tests which 

allow for broken trends seem to gather more evidence against the unit root hy- 

pothesis. As importantly, many differenced series do not reject unit roots. " Ar- 

guably, the first difference of many variables can be more usefully thought of as 

stationary, but subject to marked 'regime-shifts'. For instance, while the notion 
190r, almost equivalently, dummy variables are added to the model and tested for their sig- 

nificance using an F-test. 
20 Consequently, the cointegration theory for 1(2) series has been developed [88]. 



Introduction 11 

that prices contain a unit root has some intuitive appeal, that the inflation rate 

contains a unit root is less appealing. It would seem inconsistent with the facts 

to model inflation as a unit root process for nations wl-iich have given precedence 

to inflationary targets. 

. cursive unit root tests were extended into testing for cointegration in re- 

gression models by Gregory and Hansen [70], McDermott [1181 and in recursive 

estimation procedures developed by Hansen [75], to test for structural change 

within regression models. It is the application of these procedures which forms 

the basis of this thesis. The recursive tests perform two functions. First, in the 

pretesting for unit roots, and second in the tests for cointegration. Consequently, 

they have a 'double influence' over the modelling process and the interpretation 

of the final results. 

1.3.2. Agricultural Econometrics 

The agricultural economics profession has attempted to model itself on the pos- 

itivist -falsificationist2l methodology. Johnson [93], argues that the discipline 

has been unashamedly quantitative, since their roots are not in mainstream eco- 

nomics, but are in positivistically orientated science. 22 Qin [155, p. 4] observes 

that much of the pioneering work in applied demand analyses were undertaken by 

agricultural economists. Some of the earliest examples of 'econometrics' such as 

Moore [124] [125], Wright [180], Lehfeldt [1081 and Schultz [1611 were using agri- 

cultural economic data. There can be little doubt that an emphasis on empirical 

work is still evident in publications such as the American Journal of Agricultural 

2 'For a background of this philosophical position see Caldwell [26, Ch. 1-41. 
22 JohDSOn [93, p. 82], traces the development of Agricultural Economics (in the United States) 

through Crop Science, Agronomy and so forth, into Farm Business and then into Agricultural 

Economics. However, in the UK the development appears to be slightly different [132] [128]. 
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Economics. 23 

12 

Agricultural Economics has not, however, followed the same path as the pure 

economics discipline. Agricultural economists did not give as greater emphasis 

to the estimation of SEMs as did Macroeconornists, in spite of its importance to 

the estimation of supply and demand functions. However, this does not suggest 

that they were unaware of the issue of 'identification' [155, ChA]. Historically, 

agricultural econometricians have tended to give considerable emphasis to the 

estimation of production (or yield) functions and supply response models. In 

the former case, explanatory variables were often treated as non-stochastic and 

in time series estimation extensive consideration was given to the treatment of 

technical change. In the case of supply response, agricultural economists had a 

predisposition towards the idea that supply was predetermined (not dependent 

on contemporaneous prices). Early agricultural economists like Ezekiel [57] ar- 

gued that supply could be modelled in this way (see also Morgan [126, p. 173]). 

Nerlove [130] [131) developed supply response models, further introducing adap- 

tive expectations and distinguishing between the long and short-run through the 

idea of 'partial adjustment'. The treatment of supply functions in this manner 

lead to the formulation of supply and demand models as recursive systems [94, 

p. 467]. An example is the textbook by Shepherd [163], which was reprinted over 

20 years in 5 editions between 1941 and 1963. Chapters 2 and 3 of this book 

deal with the estimation of supply and demand elasticities, but for the most part 

ignore the problem of simultaneity. A separate section was added in the 1963 

edition on 'Simultaneous Equation Techniques 24 
, which outlines, inter alia, how 

23 For instance, in the Febuary 1996 issue of the American Joumal of Agricultural Economics, 

only 2 of 22 articles were not quantitative in nature. Most of the remaining articles involved the 

substantial 'estimation' of an econometric kind . 24 For which he cites the book by K. A. Fox [60] as the main source. 
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the estimates of supply and demand elasticities can be obtained where quan- 

tity supplied is 'unaffected by current price'. He cites K Fox, in defence of the 

proposition that '.... many agricultural situations lend them-selves to single equa- 

tZons least-squares estimations as well as or better than formulation into two or 

more simultaneous structural equations' [163, p. 164-1651. This sentiment is also 

expressed in more recent books [175, p. 298]. 

"AUle there does not seem to be extensive use of SEM models within agri- 

cultural econometrics, there has been considerable attention to multi-equation 

models through the specification of 'duality' based models [40] [5] [31). However, 

the specification of multi-equation systems has usually meant emphasis on issues 

such as functional form and aggregation, with the neglect of other specification 

issues such as the treatment of lags, or of simultaneous equation bias. 

Agricultural economists have been less concerned with the subject of unit 

roots and cointegration than their 'pure economics' counterparts. For instance, a 

search of the Bath Information Database (BIDS) from 1981 to 1996, revealed that 

while 1.75% of approximately 4 0,000 non-agricultural economics articles carried 

the words 'cointegration', 'unit roots' or 'random walks' in their titles. Only 

37 out of 10,000 articles published in agricultural economics journals contained 

these words in their titles. 25 

It is difficult to ascertain why the economists of the agricultural variety have 

not been seduced by the unit root or cointegration literature. However, it is the 

contention here that it has simply been a matter of emphasis, and that there 

is little that is intrinsic-ally different in the modelling of agricultural time series, 
25 There are considerably more papers published within agricultural economics (and economics 

in general) that deal directly or indirectly with unit roots and/or cointegration, yet do not contain 

these words in their titles. Nevertheless, the difference in the proportions is indicative of the 

relative emphasis that the two groups have placed on the subject to date. 
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from the modelling of other economic time series. 

1.3.3. A Methodological Note 

Hendry argues that '... no realistic sufficient conditions can be established which 

ensure the discovery of a good empirical model'. He classifies the spectrum of 

models as lying between 'theory-driven' and 'data-driven', and concludes that 

tan interactive blend of theory and evidence' naturally suggests itself [80, p. 5]. 

Leamer retorts that this approach is a combination of 'backward and forward 

stepwise (better known as unwise) regression' [105, p. 94]. The writer is in the 

uncomfortable position of agreeing with both these two mutually exclusive view- 

points. The work in this thesis is a mixture of theory and evidence, though not 

necessarily in that order. Much of the material in this thesis purports to 'test' 

propositions, yet undoubtedly it is open to Leamers' criticism that the inferences 

made are fragile and consequently 'whimsical' [104, p. 39]. 

The results, presented here, are not always the outcome of a pre-specified 

procedure. Moreover, some paths are followed because they give results that 

seem 'sensible'. TI-. Lis is done in an open and honest manner, although in setting 

the results down on paper an attempt has been made to spare the reader the 

machinations of the writer. However, even if there had been sequential 'testing 

down' in all cases, the results would be subject to the challenge that the conven- 

tional significance values of the tests axe invalidated [65, p. 431- In view of this, 

it seems important to address one important question: in what sense should the 

hypothesis tests be interpreted? 

Presently, the prescription of whether to 'test' economic theory is open to 

debate. For instance, Keuzenkamp et al. [99], note that many econometricians 

and econornic theorists concur with McCloskey's [117] view that no economic 
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theory has ever been abandoned because it was rejected by an econometric test. 

Blaug [18] fights the falsificationist corner, yet admits that so far economics has 

failed to subscribe to Popper's [154, Ch. 8] view of science. A case in point is the 

testing of the 'homogeneity postulate'. Keuzenkamp and Barten [98] review the 

history of the 'testing' of this hypothesis and conclude that it was an exercise in 

verification. Unsurprisingly, these observations and debates broadly follow those 

taking place about the nature of science [261 [79). 

Kim et al. [100] emphasise the fact that the notion of 'testing' has varied 

throughout the econometrics profession. In particular, they identify four roles for 

testing: i) Testing to discover error (the Popperian notion of hypothesis testing); 

ii) Testing to secure a basis for belief; iii) Testing as quality control; and, iv) 

Testing as confirmations of empirical model characteristics. Granger et al. [68] see 

hypothesis testing as an 'intermediate product being put into a decision process'. 

In this thesis, 'testing' has little to do with testing the 'hard core' propositions 

in economics, but there are a variety of hypotheses which come loosely under the 

title 'economic hypotheses' that are open to testing. For instance, in the second 

chapter, data are tested for the existence of seasonal roots. Unit roots at the zero 

frequency have arguably proved a robust hypothesis since otherwise the large and 

rapidly expanding literature on cointegration would not exist. However, the jury 

is 'still out' on roots at other frequencies. 26 If seasonal roots are rejected in many 

series, this does not strike at any core propositions in economics (as presently 

developed), yet it has significant implications for modelling with seasonal data. 

In a sense, this is falsificationism in action since the repeated rejection of seasonal 

roots will probably lead to its marginalisation in econometric literature. How- 

26 There seems to be growing body of evidence which does not support seasonal roots (see 

Miron [121]). 
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ever, it is open to refutation because the seasonal root hypothesis may not really 

matter. 27 

At the other extreme, the homogeneity postulate is tested using the Almost 

Ideal demand system in Chapter 6. It would be grandiose to think that, even 

in a small way, this test could lead to the downfall of this hypothesis should it 

be rejected. At best, this test performs a role of 'validating' the model. Testing 

in this sense performs much the same role as testing the errors for stationarity 

(i. e. if the model passes the homogeneity test, it is a better model). Even if 

agents have been temporarily 'fooled' into thinking that nominal price changes 

were relative price changes, generalising this result into a longer time frame would 

strain credibility. 

The efficient markets hypothesis (tested in Chapter 5) is open to test, but in 

a limited way. In certain times and at certain places, people may ignore relevant 

information, perhaps because they do not realise its significance. The historical 

inefficiency of one or two markets will not be accepted as a general proof that 

people are 'irrational'[114, p. 216). However, it may serve to demonstrate that, at 

times, adaptive expectations models may perform as well as rational expectations 

models. 

Granger-causality (Chapter 4) from rninimum, wages to average wages in agri- 

culture (or vice-versa) is an empirical hypothesis. Economic theory does not un- 

ambiguously suggest the existence or direction of causality. Therefore, essentially 

this is a form of data exploration (i. e. to see if there are significant coefficients 

attached to a set of lagged explanatory variables). Hopefully, it will prove useful 

to those who wish to know the consequences of pursuing a vigorous policy of 
27 Perhaps this is a contentious statement. Miron [121], Hylleberg [86], Ghysels[64] and Osborn 

[1341 all argue that the treatment of seasonality may have important implications for economic 

models. 
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high minimum wages. This study performs the role of offering a different view to 

previous studies which have exandned the same data set. 
In summary, the tests here are not aimed at testing central tenets of 'eco- 

nomic theory'. The actual 'degree of belief' which associated with the results, 

may only be marginally influenced by the significance values which are presented. 

Nevertheless, recursive methods are more 'robust' to changing regimes than stan- 

dard tests for unit roots. Consequently, they may increase the credibility of the 

significance values which are finally reported or alternatively they may show why 

they should not be believed. 



2. REcURSIVE SEASONALROOTTESTS 

2.1. Introduction 

The development of unit root tests at the zero frequency [61] [521 has had a 

profound influence on the practice of time series econometrics. The application 

and further development of unit root tests [129] [50] [153] [141] [143] [144] [182] 

has lead to a fruitful debate over the status of the unit root hypothesis in US 

macroeconomic data. The debate has had an influence in shaping economists 

views towards the traditional dichotomies between trends and cycles in time series 

data. These issues are equally pertinent in the analysis of agricultural prices and 

output as they are to macroeconomic data. 

More recently, tests for roots and non-zero frequencies have been developed 

[53] [87] [14]. This work has demonstrated that if seasonal roots exist, then con- 

ventional tests for unit roots are biased, conventional inference on cointegrating 

vectors at the zero frequency 1 are invalidated, and there is the possibility of coin- 

tegration at some seasonal frequencies and not others. For these reasons alone it 

is of considerable importance to the applied econometrician to determine if there 

are seasonal roots in the data of interest. Consequently, tests for seasonal roots 

are a useful advance. 

A seasonal root in a time series implies that seasonal behaviour of the data 
'For a review of methods for estimating cointegrating relationships (at the zero frequency), 

along with an analysis of their performance, see Hargreaves [76], and Gonzalo [66]. 

18 
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is itself evolving. This is in contrast to the conventional representation of sea- 

sonality as a stable (deterministic) shock to the data which depends only on the 

season, and not on previous shocks. However, while Hylleberg [841 has argued 

that seasonal roots are a plausible alternative to the deterministic representa- 

tion of seasonality (especially in agricultural data), there is little consensus as to 

whether the deterministic or stochastic depiction of seasonality should be favoured 

a p7ioTi. 

The status of the zero frequency unit root hypothesis is still debated. First, 

because any finite trend stationary series can be approximated by a unit root 

process and vice versa [27]. Second, unit root tests generally adopt the unit root 

hypothesis as the null, and stationarity or trend-stationarity as the alternative. 

Third, unit root tests have low power in small samples under plausible alterna- 

tives, including the hypothesis of deterministic trends with structural breaks. The 

last issue has been addressed by the work of Perron [141] [142] [1431 and Zivot 

and Andrews [182] 

While the failure to reject any hypothesis does not logically compel the re- 

searcher to accept it, a methodological norm has arisen which treats the unit root 

hypothesis as a maintained hypothesis (i. e. one which is treated as true until suf- 
ficient evidence has been accumulated against it). Although this methodological 

norm does not find universal acceptance [351 [165] there seems to be a consensus 

that the depiction of the economy evolving through a series of permanent shocks 

is plausible, and furthermore, there are a large number of applied studies which 

are consistent with the unit root hypothesis. However, it does not follow that the 

seasonal root hypothesis should automatically achieve the status of a maintained 

hypothesis. 

The treatment of the seasonal root hypothesis as a maintained hypothesis 
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reql-ures that the existence of seasonal roots can be given a sound theoretical 

footing from an economic point of view. Additionally, there needs to be a body 

of empirical evidence suggesting that seasonal roots may be corm-non. It is not 

sufficient that seasonal roots have not been rejected in many data series, unless 

these tests have high power to reject the null under plausible alternatives. If 

standard unit root tests have low power under the alternative of trend stationarity 

with structural breaks, the same may be true of seasonal root tests. 

This chapter follows the recursive approach of Zivot and Andrews [182] and 

simply adapts their methodology in testing for seasonal roots. 2 The purpose 

is to develop a testing procedure which has the power to reject the seasonal 

root hypothesis where the generating process is seasonal, but contains structural 

breaks. The structural breaks may be in the seasonal behaviour of the series, or 

breaks in the trend. 

The procedure suggested by Hylleberg et al. [87] will be reviewed in Section 

2.2. The third section of this chapter (Section 2.3) introduces alternative models 

with structural breaks and outlines the recursive test. The fourth section in this 

chapter (2.4) demonstrates the lower power of standard tests where the generat- 

ing process has a structural break. Section 2.5 gives the critical values for the 

recursive tests, providing evidence that the recursive test statistics have limiting 

distributions. Section 2.8 contains an empirical application of the recursive tests 

and these results are compared with standard tests. 

2.2. Theoretical Background 

Define ýp(L) to be a Polynomial Lag Operator [74, Ch. 2] (where L is the lag 

operator) which is finite valued when evaluated at the distinct complex points z, 
2 The development of the asymptotic theory behind these tests is not attempted in this thesis. 
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Z2 ....... zp. From Hylleberg et al. [871, ýp(L) has the representation 

Ai. (Di(L) zi + 4ý(L). ýp* (L), 

where: 
p 

zj (2.2) 

jýi 
p 

Zi (2.3) 
j=l 

ýo(zi)/45i(zi); (2.4) 

and, ýo*(L) is some other Polynomial Lag Operator. 

It follows that if any point zi is a root of this polynornial, then Ai will be zero. 

The commonly used difference operator for quarterly data is (I-L 4) wl-iich has 

roots at the points 1, -1 , -i and i( i2 =-1). Therefore, taking a quarterly series 

which is assumed to be described as 

ýo(L) yt =: et, (2.5) 

where et is independently and normally distributed (et - IN). 

Using the expansion (Equation 2.1) around these points, if ýo(L) has roots 

at any of the points 1, -1,1 -1 , then the value of Ai will be zero at that point. 

Evaluating the expansion at these points gives: 

-(D, (L) (1 +L+L2+L3 )L; 

4D2(L) (I 
-L+L2-L3 

)L; 

4ý3(L) (I 
-L 

2)(1 
_ zL)L; (2.6) 

4ý4(L) (I 
-L 

2)(1 + iL)L-j 

with -D(L) = (1 -L 
4). 
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Substituting in: 

7rj = -Al ; 72 -A2; 
(2.7) 

-2/\3 = 7r4 - 
i7r3; and 2A4 = -7r4 + 173 

gives 
ýp*(L)(I L 4) 

-7rl4DI(L)+ (2.8) 
+7r24D2(L) +7r3(l -L2 

)L + 7r4(1 -L2 
)L 2. 

By defining the variables 

-(D, (L)yt = xi, t; 

-41)2(L)yt = X2, t; 
(2.9) 

-(l -L2 )Lyt X3, t; 

-(I -L2 
)L 2yt X4, t; 

the unit root hypotheses may be tested by estimating the regression 

4p 

1ý10t CeO+E7TiXt, i+E-ýj'ý14Yt-i+et, 

i=l i=l 
4 

wherejýý4 1-L 

If there is a root at the zero frequency then 7r, = 0. If there is a seasonal 

root at -1,7r2 ý 0- If there are seasonal roots at the complex values, 7r3 =:: 01 

and 74 = 0. Hylleberg et al. [87] recommend that the first two hypotheses are 

tested using a one sided t-test. The alternatives are 7r, < 0,7r2 < 0. When testing 

for complex roots these authors recommend either a joint F-test of 73 == 74 = 0, 

against the alternative of -7r3 =0 and/or 7r4 = 0. Alternatively, they propose a 

two tailed test for Ir3 = 0, and on the failure to reject this hypothesis then a 
3 Note that in the model presented here, Ir3 audIr4 are defined in reverse to the definitions 

of Hylleberg et al. [87]. 
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one tailed test for '74- 0 against 7r4< 0. Hylleberg et al. [87] generate the two 

tailed critical values statistics for the t-statistics for 7r3- 0. However, it is easier 

to generate an F- statistic for this hypothesis, thereby restricting the test to one 

which is automatically one tailed. This is done in Section 2.5, and critical values 

generated are for the F-statistic for the null 7r3 - 0- 

As with the Dickey-Fuller (D-F) test the distribution of t and F-statistics are 

non-standard. Hylleberg et al. [87] have tabulated the relevant critical values. 

Augmenting this with seasonal dummy variables, or the addition of a time trend, 

does not alter the validity of the tests but does alter the critical values. The 

tests outlined above are for quarterly data. Beaulieau and Miron [14] outline the 

analogous test for monthly series and give the appropriate critical values. 

2.3. Alternative Models 

In the foRowing, two alternative specifications are considered: 
3 

Yt ý OZO + 6T (T)t ao* + OiSi, t 

3 
+ÖT (-r)t Z 0; si, t + ut; 

i=I 

and, 
3 

Yt ý aO + 6T (T)t aO* + OiSi, t 

3 
+6T (7)t Oi*Sit + Ot + 6T (7)t)3* t+ Ut- 

The additional variables are defined as: 

T=total sample size-, 

si, t = ith seasonal dummy at time t; 

6T (T)t 
-.::: 

0 if t< (-rT) ; and, 

(2.11) 

(2.12) 

6T (7)t :::::::: 1 if t>(, rT) where (, rT) is the integer part of -rT, and 0.15 < -r < 

0.85. 
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Fýirthermore, 
4p 

A4Ut 7rizi, t + INA4Ut-i + et 

where (using the definitions in Equation Set 2.6): 

4PI(L)ut = zi, t-, 

-4ýD2(L)ut ý-- Z2, t; 

-(I -L2 
)Lut : -- Z3, t; 

-(I -L2 
)L 2Ut 

ý Z4, t; 

4 

(2.14) 

The first of these models allows for a break in the deterministic seasonal behaviour 

of the data, along with a break in the mean, or mean innovation, of the process. 

The second model allows for a changing linear trend. Once these components are 

extracted the residual ut has a polynomial wILich has potential roots at 1, -1,1 

and - i. 

The standard HEGY procedure tests the ni-fll hypotheses that7ri = 0, i=1,2,3,4, 

under the auxiliary assumptions a, *, = 0,3* = 0, Oj* = 0, j=1,2,3. The power 

of conventional tests may be low when these auxiliary assumptions do not hold. 

If it is known where the structural break occurs, then this could easily be ac- 

commodated by running the regressions on Equations 2.11 and 2.12, extracting 

the residuals and estimating Equation 2.13. The tests for seasonal roots could be 

conducted in the manner described above, except that the distribution of the test 

statistics will be altered. This is analogous to the tests suggested by Perron [1421. 

Perron demonstrated that the distribution of the t-tests are dependent upon the 

point at which the structural break is introduced. 

The work of Perron was criticised by Zivot and Andrews [1821 on the grounds 

that the point of the structural break is not generally known. Instead they pro- 
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posed a test which was based on the minimum t-statistic, from a series of regres- 

sions placing the break point at every point in the data. This chapter suggests 

that the same approach can be taken in testing for seasonal roots. The following 

procedure can be conducted: 

9 Run the regressions 2.11 or 2.12 for the integer parts of rT for all values of 

0.15 < -r < 0.85; and, 

Take the minimum t and maximum F-statistics denoted as: 

a. inf t(-r) i=144; and, 
IT 

( 

7ri=O 

b. sup F(r) and sup F(-r) 
7- 

( 

7r 3 r-1'7r 4= 0) T( W3 =-O 

from the regression of residuals in Equation 2.13. 

Stated less formally: run a separate regression for every point in the data set, 

treating each point as the point at which the structural break ( in the intercept, 

trend and seasonality) occurs; then, choose the value of the test statistic which 

gives the most evidence against the mAl hypothesis of a unit root. 

An equivalent and more direct approach is to run recursive regressions for 

each integer value (rT) of the form 

3- 
A4 * (7-) +Z Oi (r) Si, t +Z ýri (7-) Xt, i yt = äo (7') + bT (T)t 

05ýo 
i=I i=l 

3 
^* +45T (7-)t 1: Oi (7-) Si, t +)3(7) t+ 6T (T) 

tP (-r) t+ fLt (-r) , 
(2.15) 

for all rE(. 15,85) 

The regression in Equation 2.15 corresponds to the model in Equation 2.12. In 

order to obtain the corresponding model to Equation 2.11, the trends would 

be removed. The relevant parameter estimates, t-statistics and F-statistics are 
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mathematically equivalent to where yt is first regressed on the deterministic com- 

ponents and then the seasonal root test is conducted for the residuals. 
Zivot and Andrews [1821 proved that the minimum statistics have limiting 

distributions in the case of zero frequency unit root tests. Here, it is suggested 

that the minimum statistics have limiting distributions in the tests for seasonal 

roots. Section 2.5 presents Monte-Carlo evidence that the limiting distributions 

exist under the null hypothesis that A4Yt ý_- Ct, et - IN(ji, 0,2). 

2.4. The Impact of Structural Change on HEGY Tests 

This section examines the power of seasonal root tests where the data is generated 

by a process: 

Ayt = 1: 4 E4 OiSi, t + 6T (r)t 
i=l O; si, t + O(L)et; 

(2.16) 
et r\j IN(O, 072); 

and, 6T (7)t is defined below Equation 2.12 and O(L) is an invertible lag operator 
(i. e. the solution to O(L) = 0, have modulus greater than one). 

This process has one unit root at the zero frequency, with deterministic sea- 

sonality in the innovations of the process. Furthermore, it allows for a change in 

the seasonality along with the mean innovation of the process in the first 
4 

part of the sample and in the second part. 4 

Such a process could occur where a market or economy has been subject to 

controls which are lifted ( e. g. the liberalisation of Eastern European markets). 

It is conceivable that there is more than one structural change in a given data set. 

Agricultural markets in Europe, for instance, are subject to revisions in policies 
A proof may be constructed using the Fýrisch-Waugh- Lovell theorem [45, p. 19]. A proof is 

sketched in Note 2.1 in Appendix B of this chapter. 
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and conditions, which could alter seasonal patterns and trends in the data. 

The above equation specifies a infinite class of processes. Here, it is demon- 

strated that in a few simple cases, the seasonal root test can have low power. 

Accordingly, the following process was specified: 

= y: 4 
i=l 

oisi 
,t 

(7-) 
t 

E4 Oisi, t + et; Ayt a-6T i=l 

et - IN(O, 1); 
(011 02) 03) 04) = (0,1,1, -2); 

(2.17) 

-r = . 51 T= 120; and, 

01.51111.51 2. 

At a=0 there is no alteration in the seasonality. At a=2 there is a full 

switching of the seasonality (a full reversal of seasons). 

The HEGY tests were run, including seasonal dummies and a trend in the 

auxiliary regression. Using the critical values in Hylleberg et al. [87, Table 

IAB], the proportion of observations which gave test statistics for t, and 
7r2 =0 

F rejecting the null hypothesis of a seasonal root, at the 10%, 5%, and 1% 
W307r4ý0 

levels are in Table 2.1 (i. e. it is the proportion of time an incorrect hypothesis is 

rejected at a given level of significance). 

The results demonstrate that with a large sample (30 years of quarterly data) 

seasonal root tests have high power to reject the hypothesis of seasonal roots. 

Even at the 1% level of significance, the null is rejected nearly all of the time. 

However, the power of these tests falls as the size of the structural break increases. 

Under moderate seasonal breaks the consequences are not great (where a=0.5). 

However, once there is an actual switch in the 'direction' of the seasonality, the 

power of seasonal root tests quickly becomes low. The full 'switching case' renders 

the test almost completely without power. 
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Table 2.1: Power Under Structural Breaks 
alpha Stat Ten % I Five % I On 

0 t 1.000 1.000 . 991 
F 1.000 1.000 1.000 

.5 t . 998 . 992 . 972 
F . 999 . 999 . 993 

1 t . 893 . 657 . 425 
F . 573 . 275 . 111 

1.5 t . 3323 . 081 . 118 
F . 004 . 0001 . 000 

. 028 . 002 . 000 

. 000 . 000 . 000 

2.5. Critical Values for the Recursive Test 

28 

It is not immediately clear that the recursive test suggested in Section 2.2 will give 

test statistics that converge in distribution. The asymptotic convergence of the 

HEGY type statistics is proved in Chan and Wei [32] along with Beaulieau and 
Miron [141, and the convergence of the recursive unit root test is proved in Zivot 

and Andrews [182]. There has not, as yet, been any proof of the convergence of 

the test statistics from a recursive HEGY test. This section demonstrates, using 

Monte Carlo evidence, that the recursive unit root tests do have asymptotically 

convergent distributions. The null model used to generate the data is 

A4Yt = et, where et - IN(p, a 2). (2.18) 

The size of the variance of the process (u2 = 0) will not effect the asymptotic 

distribution of the test statistics, as it simply plays the role of a scaling parameter. 

The value of 0-2 was set equal to one for all trials. However, as in the case of the 

standard D-F [52] test, the value of tL may affect the large sample distributions 

of the test statistics if a trend tenn is not added to the regression. Therefore, the 

samples are conducted under three scenarios: 
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Case 1) p=0 and no trend in the regression; 

Case 2) p=1 and no trend in the regression; 

Case 3) it =0 and trend in the regression; and, 

Case 4) p=I and trend in the regression. 
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The asymptotic critical values for the recursive tests are presented in Table 

2.2. These values are calculated from 6,000 trials for each sample size of T=4 0, 

80,120 and 160. The results for each case are presented in Tables 2.6 to 2.9 

at the end of this chapter. Using the method advocated in Gregory and Hansen 

[70], the critical values presented in Table 2.6 are calculated as 

Crit(T, P) = 00 +01 T- 1+ error, 

where T is the sample size and P is the level of confidence (99,97.5,95 and 90). 

On the basis of these results, it argued that the following conjectures are 

supported: 

1: The recursive versions of the HEGY tests for -7r, =0 have similar asymptotic 

critical values to the Zivot and Andrews (Z-A) tests; 

2: The critical values test for 7r, = 0, using the recursive test, will dependent 

on whether p=0 if there is no trend in the regression.. The tests are 

invariant (asymptotically) to the value of ft if a trend term is added to the 

regression; and, 

3: The tests for seasonal roots Ir2 :: --:: 01 7r3 ý Oj Ir3 = 
on7r4 = 0, will be 

invariant to the value of IL. 
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Table 2.2: Asymptotic Critical Values 

ti t2 F3 t4 ti 
7rl 0 7r2 0 7r3 =0 *74 =0 '73 = W4 Oj 

99 -4.73 -4.74 12.37 -5.36 14.97 
97.5 -4.48 -4.50 11.16 -5.11 14.00 
95 -4.28 -4.27 9.26 -4.85 12.95 
90 -4.01 -4.01 7.37 -4.65 11.71 

case I 
99 -3.41 -4.66 13.39 -5.32 14.75 
97.5 -3.12 -4.41 11.08 -5.10 13.75 
95 -2.89 -4.22 9.59 -4.89 12.80 
90 -2.62 -4.00 7.56 -4.63 11.53 

case 2 
99 -5.32 -4.70 11.61 -5.29 15.25 
97.5 -5.14 -4.47 10.86 -5.05 13.76 
95 -4.92 -4.26 9.13 -4.87 12.90 
90 -4.72 -4.00 7.23 -4.62 11.64 

case 3 
99 -5.33 -4.64 14.06 -5.30 14.77 
97.5 -5.13 -4.38 11.57 -5.03 13.91 
95 -4.95 -4.18 9.27 -4.86 12.67 
90 -4.7 -3.94 7.27 -4.59 11.59 

Lf,: ýe 4 1 11 

30 
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The first conjecture can be confirmed by comparing the critical values for the 

recursive seasonal root tests at the zero frequency with those reported in Zivot 

and Andrews. The 2.51o and 51% critical values are -5.24 and -4.92 respectively 
(Case 3 of Table 2.2). The equivalent result for Z-A tests are -5.30 and -5-08 
(Fý-om Table 4. in Zivot and Andrews). The values are very similar, as are 

the critical values for the standard HEGY tests (at the zero frequency) and the 

Dickey-Fuller (D-F) values. The other model in this study does not correspond to 

any of the Zivot and Andrews tests, since it does not have a deterministic trend. 

The second conjecture can be confirmed by examining Cases 3 and 4 in Table 

2.2. While there are considerable differences between the critical values in Cases 

I and 2 in Table 2.2 , the inclusion of a trend negates the effect of a drift in the 

generating process, as can be seen in Cases 3 and 4. The third conjecture can be 

confirmed by inspecting all the third to last columns of Table 2.2. There are some 

differences between cases. However, examining the results and comparing cases 

indicates a high conformance in the results. The largest difference is between 

that of the F-statistics. However, it should be observed that the F-values are not 

uniformly higher in one case compared to the other. It is conjectured that the 

problem may be due to the small number of trials (6,000). 

In general, the high degree of conformance across Tables 2.6 to 2.9 indicates 

that the seasonal root tests converge asymptotically in distribution. The high 

degree of conformance for the unit root tests at the zero frequency (horizontally 

across the tables) and the degree of conformity with the results given by Zivot 

and Andrews provides powerful evidence as to the validity of this procedure. 

FYirthermore, sample sizes of greater than T=40 ( refer to Tables 2.6 to 2.9) 

appear to have approximately similar distributions suggesting the asymptotic 

values are appropriate. 
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2.5.1. Note on Lag Length Selection 
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In empirical work, the selection of the lag length in the HEGY regressions can 
be of critical importance. Here, following Perron [1431, a recursive procedure 

is used to select the lag length in the HEGY regression. An upper value of 

12 lags was selected. In both the standard and recursive tests, the procedure 

eliminated the last lag in the regression if it was insignificant (if ltl<1.64). This 

process was repeated until the lag was significant, or there were no lags left in 

the regression. The validity of this approach follows from the fact that the lags in 

the regression are assumed to be stationary, and as a consequence the coefficients 

of these lags have asymptotically normal distributions (under the null). Perron 

[143] recommends the use of this approach over other methods, such as the Akaike 

Information Criteria. 

2.6. Empirical Section: Application to Food Prices in the U. S. 

2.6.1. Data 

The data used in this section (2.8) are published by the United States Department 

of Agriculture (USDA) in Agricultural Price Summaries.. The data are quarterly 

prices for U. S. agricultural outputs. The quarters used are January, April, July 

and October. The data are from the first quarter of 1965 to the last quarter in 

1991. The prices have been deflated using the U. S. retail price index, and all the 

real prices have been logged. 

Ten series are examined. Plots of the data series (see lower part of figures in 

Graphs 2.1 to 2.10) display a rise around 1972-1973 and peak at, or just after, 

this period. On the basis of visual observation alone, this would appear to be the 

most likely period for a structural break. In those series that peak in the mid- 
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Table 2.3: Standard Seasonal Root Tests 
Null H pothesis 
Prices 

Irl =0 7r2 =0 7r3 = '74 0 

Farm Produce -1.89 -3.82** 15.30** 
Feed Grain -2.77 -7.02** 28.31** 
All Crops -2.22 -2.52* 20.08** 
Vegetable -3.74** -5.11** 28.31 ** 
Poultry Egg -2.64 -4.02** 24.65** 
Cotton -1.43 -3.64** 42.8** 
Fresh Fruit -3.89** -2.84* 5.83 
Tobbacco -2.33 -2.08 5.21 
Dairy -1.14 -3.12** 17.70** 
Meat Animals -2.47 -2.24 5.41 
CritVals 5% (10%) 1 -3.53(-3.22) -2.94(-2.63) 6.60(5.52) 

** denotes significance at 5%, 
denotes significance at the 10% 
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seventies, there is a pronounced and ahnost continuous downward trend after this 

date. 

Changes in the behaviour of data at around the mid-seventies, is of course, 

not unusual. It is not the purpose of this chapter to speculate about the nature 

of the shocks and policy shifts which brought about this set of events. It is worth 

noting, however, that the visual behaviour of these series is consistent with the 

notion that the series are stationary around a changing trend. 

2.6.2. Results 

2.6.2.1. Standard HEGY Tests 

The results of the standard seasonal root tests are presented in Table 2.3. The 

results include a time trend, therefore the alternative is trend stationarity in 

the case where -7r, --O is being tested. Examining the results in Table 2.3, it is 
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Table 2.4: Recursive Seasonal Root Tests 
Null H pothesis 
Prices 

7rl =0 2=0 73 = '74 =0 

Farm Produce -4.12 -7.18** 48.40** 
Feed Grain -3.96 -7.00** 37.45** 
All Crops -4.56 -3.04 28.19** 
Vegetable -5.55** -6.78** 44.00** 
Poultry Egg -5.09** -7.45** 38.16** 
Cotton -5.87** -5.59** 73.14** 
Fresh Fruit -5.60** -4.02* 30.97** 
Tobbacco -4.49 -4.10* 22.68** 
Dairy -4.35 -5.95** 34.94** 
Meat Animals -3.91 -5.39** 33.06** 
CritVals 5% (101%) -4.95 (-4.71) -4.18 (-3.94) 12.67 (11.59) 

** denotes significance at 5%, 
denotes significance at the 10% 
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apparent that only two of the series (Vegetables and Fresh Fruit) reject a unit 

root at the zero frequency at the 5% level of significance. These two series also 

reject seasonal roots at the 1056 level and below. The conclusion is that these 

two series are stationary around trend. 

Four of the series fail to reject seasonal roots for all frequencies at the 557o 

level of significance ( All Crops, Fýýsh Frult, Tobacco and Meat Animals). The 

All Crops series rejects 7r3 = '7r4= 0, but nOt 72 = 0- P-esh Rruit rejects '72 =0 

but not 7r3 = 7r4 = 0. The other two series (Tobacco and Meat Animals) fail to 

reject seasonal unit roots at any of the seasonal frequencies. 

2.6.2.2. Recursive HEGY Tests 

The results of the standard seasonal root tests are presented in Table 2.4. All 

the variables reject unit roots at all the seasonal frequencies at the 10% level 

of significance or below, except for the All Crops variable which fails to reject 
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7r2= 0. The All Crops variable also failed to reject unit roots using the standard 
HEGY test. In addition several of the variables now reject unit roots at the zero 
frequency (Vegetables, Poultry and Eggs, Cotton and Fresh Fruit). Only Fresh 

FYuit rejected a unit root at the zero frequency using the standard tests. 

Overall the conclusions which are reached using the recursive tests are sub- 

stantially different from those derived from the standard HEGY procedure. As 

was expected, the recursive tests also rejected seasonal roots for all those se- 

ries which have the seasonal root hypothesis rejected using the standard test. 

However, in general the results of the recursive tests give less credence to the 

hypothesis that the data contain seasonal unit roots. It is more likely the season- 

ality has changed over the sample period but in a way that is not consistent with 

seasonal unit root. 

The recursive tests do not reject unit roots at the zero frequency for 6 of the 

10 series. However, as already noted, the standard tests reject a unit root for 

only one of these series. Therefore, three of the series behave in a manner that is 

consistent with stationarity around a broken trend. Detecting the point at which 

the break occurs is addressed in the next section. 

2.6.3. Detecting Break Points 

Perron [143] gives a good example of how recursive tests can be used to identify 

potential structural breaks in time series data. Perron explores several options for 

choosing the point of a structural break [143, p. 140]. One option is to choose the 

point at which there is maximum evidence of a unit root at the zero frequency. 

In the case of the recursive seasonal tests, one could also examine the points at 

which there was maximum evidence against seasonal roots. Here, however, only 

the plots of the zero frequency tests are presented. 
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The plots of the value of the t-statistic testing the hypothesis of a unit root (at 

the zero frequency) are presented at the end of the chapter (plot 2.1 onwards). The 

relevant plots are in the upper part of each figure under the heading 'Recursive 

Root Plot'. The lower section of each figure is a time plot of the variable itself. 

Each point gives the value of the t-statistic (testing for a unit root) where there 

are dummy variables accounting for a break in the seasonality, trend and intercept 

at that period in time. These plots reveal that for several of the series a structural 

break would be chosen at axound the 1973-74 period. It should be noted that 

the critical values are also given in each of these plots. In Plots 2.4,2.5,2.6 

and 2.7 (Vegetables, Poultry and Eggs, Cotton and Fresh Fruit) the value of the 

t-statistic crosses below the critical mark, hence rejecting a Unit root in favour 

of stationarity around a broken trend. Notably, all three series reject a unit root 

if a structural break is place at the second quarter of 1974. Examination of the 

plots of the variable directly above the recursive root plot it can be observed that 

there is a steady downward fall in prices after this date. 

2.7. Summary and Conclusions 

This chapter has introduced a recursive version of the HEGY test for seasonal 

roots. It has demonstrated that the conventional HEGY tests can have low 

power under the alternative of a unit root at the zero frequency with structurally 

changing deterministic seasonality. 

This chapter has offered evidence that some agricultural price data are not 

consistent with the seasonal root hypothesis and that these conclusions are strength- 

ened when using the recursive tests. The results were not radically different be- 

tween the standard and recursive approaches. Those series which had the weakest 

evidence against the seasonal root hypothesis using standard tests also had the 
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weakest evidence in the recursive tests. Likewise, all unit roots which were re- 

jected using the standard tests were also rejected using the recursive tests. 

Additional evidence in favour of these conclusions is presented in an appendix 

to this chapter using macroeconomic data. Once again, the recursive tests were 

broadly consistent with the standard tests but had a greater tendency to reject 

the null of a unit root. The view taken here is that, as yet, there is not sufficient 

justification for treating seasonal roots as a maintained hypothesis when using 

the conventional HEGY testing procedure. 
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2.8. Appendix A: Empirical Application to U. S. Macroeconomic 

Data 

This section will apply the tests discussed above using U. S. quarterly macroeco- 

nomic data for the period from 1959: 1 to 1989: 3. The data is taken primarily 
from Mehra (1994) [1191 and are for the following variables: 

RGNP=log of Real GNP; 

RPW=log of produchvtty adjusted wage; 

=In (Wagel Pr ices)-In (Productivity); 

VD 
J-: 11 =log of energy price relative to other consumption items; 

FP=log of food price relative to other consumption iterns; 

IP=log of the import prices relative to domestic goods; 

EGAP=log of the output gap (Potential GNP over Actual GNP); 

Interest=90 day prime corporate rate; and, 

VM2= Veloctty of M2. 

All of these variables have been deflated and are therefore unlikelY to be 

integrated of an order greater than one. Some of these series such as energy 

prices, and wages [119] will most probably have structural shifts. The following 

exercise will compare the results of the standard HEGY tests with that the 

recursive version outlined in this paper. 
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Variable Statistic 7r, =O 7r2 =0 -7r3 = 74 

RGNP Standard -3.02 -3.92** 19.66** 
Recursive -3.40 -4.56** 22.71** 

RPW Standard -. 89 -2.15 15.50** 
Recursive -4.34 -6.03** 56.36** 

EP Standard -1.85 -3.88** 17.89** 
Recursive -3.39 -4.71** 22.17** 

FP Standard -1.59 -7.37** 36.90** 
Recursive -4.81* -7.72** 47.97** 

IP Standard -1.46 -6.08** 53.16** 
Recursive 3.79 -6.08** 58.05** 

ECAP Standard -2.62 -3.83** 18.5** 
Recursive -3.57 -4.64** 21.60** 

INTEREST Standard -2.89 -6.92** 43.70** 
Recursive -7.20** -7.38** 43.12** 

VM2 Standard -2.60 -2.65* 21.36** 
Recursive 1 -3.71 -5.37** 1 25.50** 

CRITVALS Standard -3.53 -2.94 660 
5% Recursive -4.95 -4.18 12.96 

** denotes significance at 5%, 
denotes significance at the 10% 
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Table 2.5: Seasonal Root Tests for Macroeconomic Data 
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2.8.1. Results 
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The results of the seasonal root tests for macroeconomic data can be seen in 

Table 2.5. Six of the eight series reject seasonal roots at all frequencies using 

the standard HEGY test. All of the series fail to reject a unit root at the zero 
frequency. 

The two series that do not reject all seasonal roots are the Real Productivity 

Adjusted Wage (RPW), and the Velocity of Circulation (VM2). These fail to 

reject roots at -1 at the 95% level of confidence, but reject complex roots. The 

velocity of circulation rejects a root at -1 if a 90IVo level of significance were 

adopted. 

Examining the recursive versions of these tests, it is evident that the results 

are broadly consistent with the standard tests. The recursive tests reject seasonal 

roots at all frequencies, for all the six series which rejected seasonal roots using 

the standard tests. However, the recursive tests rejected roots at -I for RPW and 

VM2. Furthermore, the recursive tests rejected a unit root at the zero frequency 

for the interest rate variable. 

These results are encouraging for two reasons. First, the recursive tests always 

reject roots where the standard tests rejected them. Second, the recursive test 

gave differing results to the standard tests where the standard tests failed to reject 

unit roots. 

2.9. Appendix B 

Note 2.1: The projection matrix on to the space orthogonal to the column 

space of D (-T) (a matrix for a given set of deterministic variables) is MD (-r) 
= 

I-D (-r) (D (-r)' D (, r)) -1D (-F). MD(-r) . Any lag operator Tj (L) can be treated 

as commutative with MD(-r) (i. e. MD(-r)T(L) = T(L)MD(, r)). Using this prop- 
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erty, in conjunction with the FWL theorem [45, p. 191, gives (using the definitions 

given in this chapter) 

h 
4) 

y D(-r)&+j: Tj(L)yýj+6 
i=l 

h 
L 4) MDV Ti (L) MD yýj +6 (2.20) 

h 
L ft (L) fiýj + e, 

for any definition of Tj (L). Defining the lag operators in the manner of Equation 

2.14, completes the proof. 0 
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Tables for Critical Values 

Table 2.6: No drift in Process: No Trend in Regression 
tl Q F3 t4 F34 

99 -4.74 -4.88 18.53 -5.63 18.64 
97.5 -4.35 -4.43 11.29 -5.16 . 15.53 
95 4.02 -4.09 8.68 -4.81 13.34 
90 -3.70 -3. 6.47 -4.43 11.34 
n=40 
99 -4.70 -4.69 14.38 -5.50 16.12 
97.5 -4.40 -4.42 10.93 -5.10 14.57 
95 -4.13 -4.11 8.67 -4.80 13.02 
90 -3.84 -3.84 6.55 4.73 11.35 
n=80 

-4.78 -4.83 15.06 -5.47 16.50 
97.5 -4.45 -4.45 11.40' -4.86 13.28 
95 -4.25 -4.. 24 9.41 -4.86 13.28 
90 -3.94 -3.94 7.27 -4.62 11.74 
n=120 I 
99 -4.71 -4.78 13.84 - . 41 
97.5 -4.33 -4.52 11.16 5.14 14.31 
95 -4.19 -4.23 8.96 -. 4 12.94 
. 90 zp -3.92 -3.94 7.14 -4.58 11.56 

16-0 
Z 

Table 2.7: Drift in Process: No Týend in Regression 
tl i2 F3 t4 F34 

99 -3.77 -4.67 16.30 -5.45 17.68 
97.5 -3.35 -4.27 11-99 4.97 14.96 

- - - '-9-5 -3.00 -3.95 9.12 
- - -4.64 1 2. 92 

90 -2.65 --1-3-. 63 96 6. -4.29 11.02 
n=40 
99 -3.50 -4.58 14.2 7 -5.39 16.20 
97.5 -13.17 -4.27 11.23 -5.04 14.33 
95 -2.91 -4.06 8.99 -4.74 12.67 
90 -2.61 -3.78 6.91 -4.42 11.01 

n=80 I 
99 -3.61 -4.67 - 

13.58 
- - -5.37 -- 

15.44 
97.5 -ý -3.23 , 74 

. 43 1 T. 2 1 -5.08 14.10 
95 -2.99 -4.18 9.33 -4.82 - -- 

12.86 
- 9 -T-65 --3.91 -7.45 : 4.55 11.41 

n= 120 
1 

99 -3.47 -4.69 14.99 -5.34 15.71 
97.5 -3.18 -4.36 14.99 

- -5.34 15.71 
95 -2.88 -: 11,13 -97.7 1 

- 
-4.83 12.89 

90 -2.62 -3.89 7.4 8 -4.53 11.48 

42 
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Table 2.8: No Drift in Process: Trend in Regression 
tl t2 F3 t4 1 

99 -5.87 - -4-77 - 
17.38 -5-70 18.42 

97.5 -5.33 4.38 10.58 --5.23 -r-5-. 57 
95 -4.99 -4.05 8.14 4.82 13.32 
90 -4.56 -3.69 6.22 -4.9-2- 71.37 
n=40 I 
99 -5.51 -4.72 13.83 -5.47 16.05 
97.5 -5.25 -4.39 10.41 -5.08 l4.2F' 
95 -4.94 -4.10 8.42 -4.81 12.90 
90 -4.66 --3.80 6.41 -4.53 11.47 
n=80 
99 -5.54 -4.74 13.44 -5.41 1 16.10 
97.5 -5.23 -4-47 10.77 -5.07 14-21 
95 -4-97 -4.23 8.91 -4.85 12.90 
90 -4.67 -3.91 6.93 -4.35 11.41 
n=120 
99 1 1 -5.46 -4.72 13.41 -5.42 16.53 
97.5 -5.16 -4.43 10.92 -5.14 14.52 
95 -4.92 -4.20 8.88 -4.88 13.21 
0 0 -3.91 7.07 -4.58 11.67 

n= 160 

Table 2.9: Drift in Process: Iýend in Regression 
---A l tl t2 F3 t4 1 

99 1 1-5.92 -4.86 13.64 -5.67 18.29 
97.5 -5.37 -4.44 10.19 -5.21 -15.00 

-4.97 -4.07 8.34 4.79 13.23 
90 -4.56 -3.72 -6.37 -4.47 11.21 
n=40 
99 1 -5.51 -4.68 14.45 -5.39 1 16.03 
97.5 1-5.13 -4.31 10.78 -5.05 14.21 
95 -4.86 -4.06 8.14 -4.80 12.84 
90 -4.62 -3.75 6.38 4.52 11.36 
n=80 
99 -5.53 -4.69 13.89 -5.47 1 15.89 
97.5 -5.23 -4.38 11.18 

- - -5.09 -14.34 
95 9-8 4.15 9. 07 -4.84 12.79 
90 -4.65 -3.90 7.07 4.55 11.36 
n=120 
99 -5.52 -4.73 13.72 -5.39 15.90 
97.5 5.23 -4.45 11.21 -5.11 14.23 
95 -4.97 4.17 9.24 -4.86 12.91 
90 -4.69 -3.90 7.16 -4.57 11.60 
n=160 
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Seasonal Roots 

Plots 

Figure 2.1: Plots for Farm Produce 

RECURSIVE ROOT PLOT FOR ( REAL PRICE OF FARM PRODUCE 

M. 

TIME PLOT FOR ( REAL PRICE OF FARM PRODUCE 

0.1. 

Figure 2.2: Plots for Feed Grain 

RECURSIVE ROOT PLOT FOR ( REAL PRICE OF FEED GRAIN 

1274 . 9,6 1276 . 9w -242 '96' -M 

o. t. 

TIME PLOT FOR ( REAL PRICE OF FEED GRAIN 
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Seasonal Roots 

Figure 2.3: Plots for All Crops 

RECURSIVE ROOT PLOT FOR ( REAL PRICE OF ALL CROPS) 

1 9,0 1272 1271 1176 1176 19W 1942 . 96. ,W 

D.. 

TIME PLOT FOR ( REAL PRICE OF ALL CROPS 

'270 '0'2 1974 I-J76 1970 . 942 

D. t. 

Figure 2.4: Plots for Vegetables 
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Seasonal Roots 

Figure 2.5: Plots for Poultry and Eggs 

RECURSIVE ROOT PLOT FOR ( REAL PRICE OF POULTRY & EGGS) 

9 

o. t. 

TIME PLOT FOR ( REAL PRICE OF POULTRY AND EGCS) 

D. i. 

Figure 2.6: Plots for Cotton 

RECURSIVE ROOT PLOT FOR ( REAL PRICE OF COTTON) 
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Seasonal Roots 

Figure 2.7: Plots for Rresh Rmit 

RECURSIVE ROOT PLOT FOR ( REAL PRICE OF FRESH FRUIT) 

C. 

0. (. 

0. ý. 

TIME PLOT FOR ( REAL PRICE OF FRESH FRUIT) 

Figure 2.8: Plots for Tobbacco 

RECURSIVE ROOT PLOT FOR ( REAL PRICE OF TOBBACCO) 

TIME PLOT FOR ( REAL PRICE OF TOBBACCO) 

ý1. 6 
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Seasonal Roots 

Figiire 2.9: Plots for Dairy Products 

RECURSIVE ROOT PLOT FOR ( REAL PRICE OF DAIRY) 

0.4. 

TIME PLOT FOR ( REAL PRICE OF DAIRY) 

6 

ý 9,. 1912 lqlý 1-176 1916 . 9w -942 '96. . owl 

D. i. 

Figure 2.10: Plots for Meat Animals 

RECURSIVE ROOT PLOT FOR ( REAL PRICE OF MEAT ANIMALS 

TIME PLOT FOR ( REAL PRICE OF MEAT ANIMALS ) 
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TESTS FOR STRUCTURAL CHANGE IN l(l) 

REGRESSIONS USING MODIFIED COVARIANCE 

ESTIMATION 

3.1. Introduction 

The article by Hansen [75] introduced recursive structural tests within the es- 

timation procedure suggested by Phillips and Hansen [1511 for cointegrating re- 

gressions on I(I) series. The tests statistics for structural change were quasi-LM 

statistics. As is well documented, the choice of the LM type statistic has the 

advantage that only the restricted model need be estimated, but are less likely to 

reject the null hypothesis (compared to Wald or LR tests)' for any given sample 
[96, p. 186]. 

That only the restricted model need be estimated would appear to be a par- 

ticular advantage in structural change tests of the recursive type. Recursive type 

tests involve setting up a potential structural change at each point in the data 

set. ' The SupF and MeanF tests suggested by Hansen [75] are tests for the re- 

striction that the parameters are constant. The test statistics (for a break at a 

given point) are similar to the standard LM statistic with the exception that the 

'For definitions refer to the appendix to this chapter in Note 3.10. 
2 The tests must eliminate a proportion of the data at the beginning and end of the series 

(usually around 10-15%) as points for a potential structural break[75]. 
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'long-run variance' of the errors and innovations in the regressors is used to modify 

the estimates and test statistics. Estimating the long-run variance is a computa- 

tionally expensive procedure' (see Andrews [3) and Andrews and Monahan[4)). 

Therefore estimating the long-run variance from the restricted model and using 

this in all hypothesis tests is advantageous. The Monte Carlo results of Gregory 

et al. [711 suggest that the structural break tests proposed by Hansen[751 have 

reasonable power to reject structural breaks providing the break is towards the 

middle of the sample. 

In this chapter, alternative Monte Carlo evidence is presented which demon- 

strates that the SupF and MeanF tests have low power to reject plausible alter- 

natives, and suggests a minor adjustment to this test that performs substantially 

better. Hansen [75] notes that some applied researchers have considered using 

breaking trends in cointegrating regressions, in addition to polynomial trends. 

This idea is investigated further. Evidence is presented that the SupF and MeanF 

tests suffer from the problem that the long-run variance estimate explodes un- 

der the alternative of a structural break. This problem is particularly evident 

where the regressors have drift as well as unit roots. Nevertheless, the SupF test 

maintains the ability to identify the point of a structural break. By introducing 

a broken trend to the regression at a point which is chosen automatically (by 

the SupF statistic) the extent of the problem caused by the exploding variance 

estimate is substantially diminished. 

The main difference between the results presented in this chapter and those 

presented in Gregory et al. [711 are that here the regressors are generated with 

drift. The introduction of a drift in the regressors substantially decreases the per- 

3 Computation may not be a problem with faster computers, however, in relatively small 

samples there is the also the problem of getting singular or near singular matrices. 
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formance of these structural break tests. It is demonstrated that the re-estimation 

of the long-run variance covariance matrix after a break point has been selected 

will lead to substantially more powerful tests for structural change. Monte Carlo 

evidence is presented to justify this conclusion. 

The methods used in this chapter will be used in a single equation example of 

the relationship between the minimum wage and the wage to agricultural workers 

in Chapter 4, the test of market efficiency in Chapter 5, and will also be used 

in the systems estimation of the Almost Ideal demand system for Bulgarian food 

consumption in Chapter 6. 

3.2. Basic Model and Assumptions 

In this section, the approach will closely follow the approaches of Park [138) and 

to some extent Hansen [75]. 

3.2.1. A Model with no Structural Breaks 

The basic model is 

YI = Z/, tß + ul 2, t * 

Where yt is amx1 vector and the observed explanatory variables are 

zo, t= (41 XIO, t) 1 
(3.2) 

where: ct is assumed to be (p + 1) xI non-stochastic vector valued function of t 

(time) including to; x,,, t is kx1 vector composed of a non-stochastic component 

and a purely stochastic component x't (the properties of which are defined in the 
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assumptions section). Therefore, 

1 Ip+I 7r 
zo ,t= 

(4, x'O, t) = (dt, x't) 
0 Ik (3.3) t 

zt, ii. 

3.2.2. Assumptions 3A 

In the following, the notation will be adopted such that -d+ will denote convergence 

in distribution and (rT) will denote the integer part of rT where rE [0,1] (for 

background material and references, refer to the appendix to this chapter in Notes 

3.1 to 3.9 ). The vector of innovations is defined as 

u/= (U"t: u"t) t12 
lxk lXm (3.4) 

for t=0,1,2 ..... where UO = 0. 

This vector is assumed to obey the conditions such that : 

ut is stationary and ergodic with mean zero; 

I 
(rT) 

d 
2. T- 2 ui = b(rT) -+ b(r) where b(r) denotes a Brownian motion with 

mean zero covariance matrix rQ; 

9>0; 

t11 
4. xt T-ýbi, t = T--Ubj, t; and, 

T-2- ft where: 1 'Rc, T 

'0 f<rT> If (7) (-+ denotes uniforin convergence for re [0,1]) and f (r) 

is a function of bounded variation on re [0,1]; and, 
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9 the matrix týc, T is a diagonal matrix 

Nc, T = diag (T--O 
IT" I ..... 

TEP) 

and jEjj is a set of real numbers increasing with i. 

3.2.2.1. Further Notation and Definitions 

Using the expressions above it is assumed that 

Iýc T0 
Z/ = (ft 

. b"t) t 
0 Tlk 

T-291 
, tNT) 

where g', t = (ft : bl, I It) - 

53 

(3.5) 

(3.6) 

It will be conver. Lient to make the further defii-iition (using fI defined in Equation 

3.3) 

zo, t = T- 2 gli, tNTi 

where NT = NTrl- 

ftom assumptions in 3A, 2 and 5, imply that 

T 
T-'Egltgl, t-jr, -, Op(l), forallj. 

t=l 

3.2.3. The Long-Run Covariance Matrix 

This matrix Q (of ut in Section 3.2.2 ) is defined as: 

Tt 
E lim T-1 E 1: ut-iu't = P; 

T-*oo t=l i=O 
t 

T 
E lim T-1 L utuý T---)ýoo t=l 

and, Q= -E+r+r'. 

(3.7) 

(3.8) 

(3.9) 
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The relevant partitions are: 

Q=( 

and, IF =( 

ý211 ý212 
kxk 

f221 Q22 

mxm 
r, r2 

(k+m)xk (k+m)xm 

) 

3.2.4. Ordinary Least Squares (OLS) Estimation 

The OLS estimator is 

EZC>, 
tZý�t 

Z 
Z.,., tyt. 

(t=l 

t=I 

(3.10) 

(3.11) 

The consistency of the OLS estimator under different specific conditions is given 

in Hatanaka [78, Ch. 13] and a unification of general results (including assumptions 

A4) is given in Park [138]. 

3.2.5. Fully Modified (FM) Estimation 

+I 
The Fully Modified (FM) estimator is (using Yt= (fil't : yt) 

T )-I T+/0 
ý =: 

(E 
Z"tzo, t ZO/, t Yt k' -T (3.12) 

t=l 

where r', is a consistent estimator of IPI, fil't is the residual from a regression of 

the stochastic regressors on a set of deterministic variables, and ký is an consistent 
-Qýj 

I Q12 

estimator of W=. The proof of the consistency of this estimator ( 
IM 

) 
and the validity of modified test statistics is given in [151] and also in Hamilton 

[74, p. 613]. Some notes which give the relevant background to the theory of 

estimation and inference using Fully Modified estimation are given in Notes 3.1 

to 3.10 in the appendix to this chapter. 
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3.3. Tests for Structural Change 

55 

Hansen[75] outlines a recursive chow test for structural change which is modified 
for the FM regression above. Defining: 

t 

Mt zc"izo, z 7 (3.13) 
Vt, T : -::: 

A-A Mý 1 Mt; 

0 
gt = ZO, t'Ü/2, t 

(3.14) 

ül 
,=y1-Z1, 

~ 
2tt0 tß; 

t 

st gi; (3.15) 

t 
tr stfv-lst (kf 

and T 
(3.16) 

-fý12ý21-11f212 + f-ý22- 

Hansen demonstrates that for kf2W --Pý nQn!, then under the null hypothesis that 

ßl ß2 
-:::: ........ 

ßT :: ",: 
ß1 

d2 
max(-rT), T - X(k+p+ 1) xm 

d 085 Mean(! ýýt, T) -f ! ýý(-r)dr; and, (3.17) 
0.15 

SUPt (Q4, T) -d' 
SUP-rc(. 

15,85) 

Note: The distribution for all these statistics depends on the level of p, k and 

m. Hansen's results are more general than those given above, since he allows for 

deterministic trends in the regressors that are not in the regression. Hansen also 

gives the asymptotic critical values for the SUP (%, T) i in the case of m= 1, 
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3.3-1. Covariance Estimation with Structural Breaks 

Following the method suggested by Andrews [3], the covariance matrices are 

estimated using the pre-filtering method. This involves using the OLS residuals 

to estimate Q. Andrews has demonstrated that the pre-filtering with the data 

selected bandwidth parameter will lead to consistent estimates of the long-run 

variance matrix. 

This involves extracting the residuals from an OLS regression of Equation 3.1 

to obtain '62t, and likewise, obtaining an estimate of filt from a regression of Axt 

on a set of deterministic variables, then estimating: 

(ft'It, ft'2t) 
= f, 't Ao+ ft't A -, 

A, 

where 6' is an additional set of a detenninistic variables; t 
TT 

6t-i&l = 
ý*f; E T-1 Et 

i=O t=i+ I 
T 

T-lj: atý' =: t*; 
t 

t=l 

F* + 
F*/ 

-E '(2 
25 (sin (67rx/5) 

_ cos 
6-7rx 

12.7r2X2 67x/5 
(5 

M 1.322 

(2) 

(d (2) T) 
4ýj 6, J2 

8 

(3.18) 

(3.19) 

(3.20) 

(3.21) 

where pj, and &j2 are the autoregressive and innovation variance estimates for 
T 

the jth element of et. The estimates are then 're-coloured' using T-1 Lfitfilt 
t-- I 
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as: 

f2f = (I 
- A, ) fir (I - Af and, (3.22) 

f* = (i-A, )-If*(i-A1j)-1+(I-A, )-1 AIZ. 

If there is a structural change, then the procedure is invalidated as the initial 

residuals are being derived from a mis-specified model. For instance, examine the 

true model with a structural break: 

= Zf f Ytl 0, tO + 6T(S)t-Zo, 
tY + U2 

, t; 

6T(S)t =1f Or t< (sT) 

6T(S)t =0f Or t> (sT) 

where s Cz (01 1), -y = 0. 

In this model there is a structural break at the point t* -- (sT) 
. 

Proposition 3.1 

(3.23) 

1. Under the conditions stated in assumptions 3A ( Section 3.2.2 ) and the 

model in Equation 3.23, the estimate of the kth autocovariance matrix for 

the OLS residual is not Op(l). 

Defining ký k as 

T 
Tk T- fLt ftt-k (3.24) 

t=k 

1ý22, k will diverge unless T- I RT 0 or 0. 

This proposition can be verified by writing: 

I. f 
Yt Yt + 6T(S)t zo, t^/; and, (3.25) 

zf, to +u/- 0 2, t 
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The OLS estimators are defined as 
T )-l T 

zo, tzo,, t zo, ty/ and (3.26) 
t 

t=l t=l 
TT 

Z", tzo, t zo, týt- 
t=l t=l 

Therefore, 

TT 

ZO, tzot, t Zo, t6T(S)t-Zo, t 1-y (3.27) 
-, (t=l 

+ JT(s)-y where : JT(s) -dý J(S). 

The estimated error can therefore be expressed as 

fl/' == it/, f JT (S), (3.28) 2t2t+ Zo, t Y' 

The error ? ý' is as estimated where there are no structural breaks. As is 2't 

well documented, the OLS estimate is a consistent estimate of the true error 

(as noted before see Park [138]). However the additional quantity zO, tJT(s)-y 

will be of a probability order higher than iý', t in circumstances where z' 2 O't 

has elements which are non stationary. Therefore, ignoring the lower order 

components 

z tjT(s)-y' 

and consequently, 

(3.29) 

TT 

T-1 EfL2, 
tfif T-1-y'JT tz (3.30) 2, t-k 

(S) EZOý 
o, t-k) 

JT(S)Y 

t=k 

(t=k 

T 

T-lýy'JT' T-1 Egi 
1 

NTJT(S)^ý- (S) tý'T t-g', t-k 
t=k 

It is apparent from the last equation that if ýT contains elements of order 

greater than O(T), this estimate will diverge. The rate of divergence will 
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depend on the type of trends of the explanatory variables 
(NT) 

, since as 
T 

stated in Equation 3.8: 91 t*gl 1, t-k 
OP(l). 

t=k 

The impact of a structural break on the estimate of the long-run vaxiance 

matrix will be further complicated from the fact that automatic bandwidth se- 
lection (advocated by Hansen) will also be influenced by the structural break. 

The weights attached to each autocovariance matrix are determined by the vari- 

ance and covariance estimates. A further complication is the impact of the pre- 

whitening process. Leaving the subject of pre-whitening to one side, examine 
T 

17T = Ew(k)4k- 

k=O 

(3.31) 

If w(k) were chosen without reference to the data and ET 
01w (k) I --ý M< oo k= 

as T--4oo, then it would be expected that 17T would diverge at the same rate as 

4fk, however, the fact that w(k) may grow with T, leads to the possibility that 

the long-run variance estimates may diverge at a faster (or slower) rate. A full 

theoretical outline is beyond the scope of this thesis. However, they are suggestive 

of the main point; the long-run variance estimate may diverge at a rate which 

gives the test low power, under the alternative. 

Now examine the statistic 

stfv-lst tr t 
(k! ýR! ) ) 

, 7T (3.32) 

where kf2W = _f212! 
C21 

11 
f212 + fý22 

- 

Under the null hypothesis of no structural change, both StVt-'St and d2k' con- IT 

verge. However, under the alternative, d2k' will diverge in probability. The first 

of these quantities, StVt-'St, may also diverge under the alternative, but it is not 
7T 

clear at what rate. 
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Table 3.1: Comparison of Critical Values 
Generated Hansen Generated Hansenj 
SupF MeanF 

99% 18.01 19.0 8.38 8.61 
95% 14.1r)14 15.2 6.09 6.22 
90% 12.56 13.4 5.04 5.20 
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consequence of this is that if the covariance matrices are estimated using 

the method recommended by Hansen, using the OLS residuals from the restricted 

model (under the assumption of constant parameters), the test for parametric 

stability outlined in the previous section may have low power under some alter- 

natives. Monte Carlo evidence will be presented in a Section 3.4.2 to argue that 

in small samples this is indeed the case. 

3.4. Monte Carlo Evidence 

3.4.1. Critical Values of Standard Tests 

The procedure used in this exercise was written in GAUSS. In order to ensure that 

the program was ftmetioning correctly, some Monte Carlo trials were conducted 

and critical values were computed. The data were generated according to4: 

ý, 
(1,1), + . 5et; yt = Z, 't 

1, = (1, x'); et = . 5et-1 + vt; (3.33) 
0tt 

Axt- IN (tt, 1) ; and, vt - IN (0,1) 
- lxl 

These results are presented in Table 3.1. In the 'generated colunm' are the es- 

timated asymptotic critical values for 8,000 trials. They were compiled by con- 

4 This generating Process was chosen so as to give an error which was serially correlated and 

a long run variance of one. 
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ducting 2000 trials at each of T=80,160,320 and 640. A regression of 

C(P)T ý intercept + 11T + error (3.34) 

was then conducted for P (the level of confidence for the test) == 99,95 and 90, 

in the manner described by Gregory and Hansen [70, p. 108]. 

Although in both cases the number of rejections were slightly lower than would 
be expected given the values in Hansen, they were sufficiently close to believe that 

the program was functioning correctly. 

The estimates of the long-run covariance matrix were done in the manner 

outlined in Hansen [75] (see Section 3.3.1 ). However, where Hansen uses T (the 

sample size), this was replaced by T* =T- k* where k* is the total number of 

parameters estimated in the original regression and in the pre-whitening process. 

This step was taken since there was initially substantial downward bias in samples 

of T=80 and below without the adjustment. 

The estimates of the. long-run variance used in the computation of F and 

t-tests (-f2Ij2f2IIIf2I2 + f222) were computed and recorded for each of the sample 

sizes. The true value is one, since Q12 : -- %1 =0 and %2 = 1. The average over 

two thousand trials results for T=80,160,320, and 640 were . 
987, 

. 
986, 

. 
986, 

and . 
991 respectively. While this is very slight evidence of downward bias, it was 

felt that the results were within acceptable bounds. 

3.4.2. Performance of Standard Tests in the Presence of Structural 

Breaks 

Evaluation of the performance of these tests in the presence of a structural break 

was conducted. Data was generated according to Equation 3.35 with the struc- 

tural break at s=0.5 (half-way through the data set). In this case there was one 

I(1) explanatory variable and an intercept: 
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Table 3.2: Power of Structural Chawe Tests: No Drift 

n 80 11 160 11 320 11 640 
Sig 5% 1 10% 1 5% 1 10% 15% 1 10% 15% 10% 

Suff 
. 01 . 01 . 07 ý 

. 16 . 35 . 43 . 51 . 57 
MeanF . 02 . 07 . 20 . 31 . 44 . 57 . 64 

Table 3.3: Power of Structural Change Tests: Drift 

Suff 
. 01 . 02 . 01 . 02 . 01 

, . 01 . 01 . 01 
MeanF . 01 . 04 . 02 . 04 . 02 . 02 . 04 . 04 

Zof, t(li I)f + 6T(. 5)t x z,, t(O, . 
25)' + . 

5et; 

Z, t = (1, x); et = . 5et-1 + vt; 

62 

(3.35) 

Axt- IN (M, 1) ; 
lxl 

and, vt - IN (0,1). 

The results are presented in Tables 3.2 and 3.3. The number of observations is 

listed at the top of the column in each table. As with the tables above, 2000 

trials were conducted at T=80 160 320 and 640. In the first table (Table 3.2) 

there was no drift in the regressor (p = 0). In the second case (Table 3.3) there 

was drift in the regressor (1, L = 0.5). Each model was estimated using the FM 

procedure of Phillips and Hansen, and the SupF and MeanF statistics calculated. 

The proportion of time that the null hypothesis was rejected at a given level of 

significance (Sig) is reported. 

The conclusion drawn from the results is that under moderate structural 

breaks in small samples, the power to reject the null hypothesis, at a sample 

size of 80 and below, is extremely low. For instance, examining Table 3.2 sug- 

gests that for a sample of 80, the null hypothesis was ordy rejected 1% of the 
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time by the SupF test, and 776 of the time by the MeanF test at the 107o level 

of significance. 

In the case where there is no trend in the regressor, the power of the tests 

gradually improves, but arguably the power is not very good, even at large sample 

sizes (160 and above). The values reported in Table 3.2 are lower than those 

reported in Gregory et al. [71, p332 ]. However, this is consistent with a smaller 

structural break. These writers do not introduce drift into their regressions, 

therefore, those results in Table 3.2, are comparable in this respect. For instance, 

in their article Gregory et al. report 801%, 821% rejection of the null at T=500, 

using the SupF and MeanF statistics respectively (with a autoregressive error 

coefficient of 0.7). The results here are around 5557o to 60%. The break used in 

this study however, is substantially smaller (a change of 0.25 as opposed to 0.5) 

and the autoregressive coefficient for the error was 0.5 as apposed to 0.7. 

Importantly, the results are worse when drift is added to the regressor. As 

noted in the previous subsection, the rate at which the variance covariance matrix 

increases will depend on the nature of the drift in the regressors (Equation 3.30). 

The relevant results are presented in Table 3.3. The results indicate that the 

introduction of drift into the regressor decreases the power of the test, leaving it 

virtually without power in very large samples. For instance in Table 3.3 the last 

column indicates that the SupF and MeanF statistics rejected structural breaks 

less than 1516 and 416 respectively, at the 10516 level of significance, for a sample 

size of 640. 

A log linear regression (in (average T) = ao +aI In T+ error) of the long- 

run regression estimates was conducted for the two cases reported above. In the 

first case (corresponding to Table 3.2) a, =. 987 and in the second (corresponding 

to Table 3.3) al =2.97. The introduction of a trend into the regression therefore 
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causes the long-run variance to be Op(T 

64 

The conclusions of this section are that the performance of the MeanF and 
SupF tests in detecting moderate structural breaks are poor and that this is due 

to the expansion of the long-run variance estimates under the alternative of a 

structural break. The next subsection will explore a possible improvement on the 

standard version of these tests. 

3.5. A Modified Test for Structural Breaks 

3.5.1. Introducing Broken Trends 

If the point at which a structural break occurred is known, it may possibly be 

accounted for by introducing a shift in the intercept and the introduction of a bro- 

ken trend at the point at which the structural break is thought to have occurred. 

However, even if the structural break cannot be accounted for by using dummy 

variables and broken trends, their introduction may serve a useful purpose. If 

the structural break occurs in the manner of Equation 3.35, the introduction of a 

dunnny and/or broken trend may still have a substantial impact on the results. 

As covered in some depth above, the long-run variance covariance matrix tends 

to increase as T--ý oo if a structural break has occurred. The introduction of 

a broken trend at the appropriate point wiH decrease the covariance estimate 

as it will 'soak up' some of the variation in the error due to its non-stationary 

behaviour induced by the structural break. 

If the point at which a structural break occurred is not known, then this struc- 

tural break must be chosen from the data. Methods for choosing the structural 

breaks include the SupF statistic discussed in this chapter, and the recursive coin- 

tegration tests discussed in Gregory and Hansen [701. In this subsection attention 

will be limited to the SupF statistic. 
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The SupF statistic is, in effect, a test for the significance of dummy variables 

allowing for shifts in all parameters in the model, at each point in the data set 
(between a given range). Intuitively, it should be at its greatest value where a 

structural break occurs. Consequently it can be used to estimate the point at 

which a structural break occurs. 

In the previous section it was argued that the SupF statistic generally had 

low power to reject structural stability. However, the reason for this failure is 

due to the growth of the long-run variance estimate, which effectively scales the 

test statistic, but does not effect the point at which the test statistic is at its 

maximum. Consequently the SupF statistic may retain its ability to choose the 

point of a structural break. 

The suggestion here is that: 

1. The SupF statistic should be used to select the point of a structural break; 

2. Dummy variables and broken trend should then be introduced to the model 

at that point, then the long-run variance covariance estimate recomputed, 

introducing dununies into the pre-whitening regression; and, 

3. The original SupF and MeanF re-scaled. 

This process may be most easily achieved in the following manner. Take the 

original errors from the OLS regression without dummy variables 

ý=Y-Z., 3. 

Further define 

(3.36) 

Mz = IT 
-z (Z, Z) -I Z, (3.37) 
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and a matrix of dunu-nies, for a given choice of structural break, 

001 

00 

Using these definitions, 

MzD = D* and 

MD* = 

The recomputed error is 5: 

IT 
- D* (D*'D*) -1 

6* = MD*6- 
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(3.38) 

(3.39) 

(3.40) 

Likewise, to account for changes in the behaviour of the explanatory variables, 

at the point of the structural break the dummies are further introduced to the 

pre-wbitening regression. 

The new long-run variance matrix (for the single equations) can be computed 

such that the MeanF and SupF statistics re-scaled as (defining tb=(-15 x T) and 
tn ý (. 85 x T)) 

stiv- I st %, T, B = tr 
t (3.41) ,T( 

iýd2B4) 

SUPFB = SUPt (Ft, T, B), and (3.42) 

1 
tn 

MeanFB -- tn - tb 
J:! ýýt, TBi 
t=tb 

where the recomputed estimates are subscripted by B. 

These tests should retain their original large-sample distributions under the 

null, since the long-run variance estimate should remain consistent under the null 
5The value of a* is equivalent to the error that would be obtained by running the original 

regression while adding dummy variables and a broken trend. This result follows from the FWL 

[45, p. 19) theorem. For a proof refer to the appendix to this chapter, in Note 3.11. 
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Table 3.4: Modified Long-Run Variance Estimates 
T 80 160 320 640 oo 

. 722 . 768 . 807 . 842 1.012 

Table 3.5: Comparison of Critical Values for Modified Test 
Generated Hansen Generated Hans 
SupFB MeanFB 

99% 18.65 19.0 8.70 8.61 
95% 14.48 15.2 6.22 6.22 
90% 12.73 13.4 5.02 5.20 
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hypothesis. However, in finite samples this tecbnique is likely to bias the statistic 

downwards. 

M. onte Carlo studies of this process that support this contention are presented 

in Table 3.4. The values are the average long-run variance estimates for two 

thousand trials, at each level of T As can be examined, the long-run variance 

estimate has a downward bias at the finite values, but a regression of these on 
12 

T-4 gave the largest R (. 99986), and the asymptotic estimate is approximately 

equal to one. 

The estimated asymptotic values for the modified estimates SupFB and MeanFB- 

statistics, which have been estimated from 2000 trials, as in Table 3.1, are pre- 

sented. in Table 3.5. When these two tables are compared, the values are not very 

different. As with the previous case the values are mostly downwardly biased, 

though a little less than the previous values. 

3.5.2. Performance of Modified Tests under Structural Breaks 

As for the case of the standard test, 2000 trials were conducted at each of the 

four sample sizes. In Table 3.6 there is no drift in the regressor and the results 
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Table 3.6: Power of Modified Structural Tests: No Drift 
11 80 160 320 640 11 

11 Sig 1 5% 10% 5% 10% 5% 10% 5% 10% 11 

SupFB 
. 37 . 42 . 56 . 62 . 70 . 74 78 . 81 

MeanFB . 43 . 52 . 63 . 70 . 75 . 80 . 81 . 83J 

Table 3.7: Power of Modified Structural Change Tests: Drift 

n 80 160 320 640 
Sig 10% 5% 10% 5% 10% 5% 10% 
SupFB 

. 76 . 79 . 80 . 82 . 80 . 82 78 . 81 
MeanFB 

. 77 . 80 . 81 . 84 . 81 . 84 . 80 . 83 
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can be compared to those in Table 3.2. In Table 3.7, there is drift in the regressor 

and the results can be compared to those in Table 3.3. 

There is a substantial increase in the power of the tests at all the sample sizes, 

with and without a drift in the regressor. However, the greatest improvement is 

the case in which there is a drift component in the regressor. In nearly all cases, 

the power of the test rises from being almost negligible to rejecting the null 

hypothesis in excess of 70% of the time. 

3.6. Summary 

Monte Carlo studies suggest that the re-calculation of the long-run covariance 

matrix after an initial selection of the break point, and its subsequent use in the 

computation of the structural change tests, does not substantially increase the 

value of the test where there is no structural change. However, it can substan- 

tially alter the power of the test under the alternative of structural change. The 

difference between the standard test and the modified test is most pronounced 

when there is a drift in the regressor. This case was not explored in the Monte 
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Carlo studies of Gregory et al. [71, p. 332 ]. 
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3.7. Appendix 

3.7.1. Background Theory 

Note 3.1: The background theory concerning probability measure, probabil- 
ity spaces, stochastic processes, and types of convergence can be found in 

Davidson [43], Hendry [801 and for a highly accessible treatment see McCabe and 
I)remayne [115]. It is noted that the convergence in distribution (denoted as 

-d +) is also referred to as 'weak' convergence since it is implied by convergence 
in probability (denoted as -P-+) and rth mean convergence. 

Note 3.2: The terminology Op( Tk) and op (Tk) is defined in Hendry [80, 

p. 711] and Banerjee et al. [10, p. 14- 15]. It is noted that if T- k Xt, T -dI WT (6) 

it follows that if Yt, T -` Xt, T (-) + bt, T where bt, T is 0 (T k-m) for m>O, then 
T-k Yt, T 

dý 
WT(e) also. If only the order of convergence is of interest then the lower 

order components may be ignored and we may write YT - XT since for any at, T 

that is 0 (TP) 
, 

Tý k-p 
Yt, T aT =T -k-pXt, T aT +T -k-Pbt, T aT =T -k -pXt, T aT + 

op (T-') for a>0. 

Note 3.3: The concept of a Brownian motion is discussed extensively 

in McCabe and Tremayne [115, Ch. 8]. A vector of Brownian motions B (r) 
kxl 

with variance covariance matrix Q may be partitioned into two parts B'(r) = 

BI(r)', B2(r)' with the covariance matrix being partitioned conformably as 
k, xi k2XI 

Q11 Q12 
-QlllQ12 

Q ki Xk2 Defining and W (r) =B (r)' W 
Q21 Q22 Ik2 

it follows that (Bi (r) W(r)) is also a Brownian motion with covariance matrix 

IQ, 10 
0 Q22 - Q12Q1_1 1 ý222 
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Note 3.4: If there is a partial sum process bt tT 
,T 

Ej=j Ui, T (note bt 
i and UiT are also described as an 'arrays' ) where Ui, T = 

T-2Ui, the partial sum 
Eý-rT) process can also be expressed as b(-rT), T = =I 

Ui, T where r cz [0,1] and (rT) is 

the integer part of rT. The Functional Central Limit Theorem states that 

b(rT), T -dý B(r) (also termed Donsker's Theorem) where Ui, T is a Near Epoch 

Dependent (NED) process (see Davidson [43, Theorem 29.3] for proof). NED 

processes include stationary stochastic processes. Weak convergence takes place 

on the space of Cadlag functions endowed with the Billingsley metric [43, 

p. 462]. 

Note 3.5: If there is a continuous function g: R --+ RxR, and a partial sum 

process for which btT dý B(r) then [43, p. 497] 
IX1 

(rT) 
d fr 

T-1 E (g (bt, T)) --4 g (B (r)) dr. (3.43) 
t=l 0 

This integral can be interpreted as a normal Riemann-Stielj ties integral (see 

Hamilton [74, p. 484]). More generally, for an non-stochastic array at, T (t : --: (rT)) 

which converges uniformly to a function of bounded variation a (r) then 

(rT) 
r 

0 
(g (bt, T)) (at, T - at- 1, T) -d +I g (B (r)) da (r) 

t=l 0 

The Continuous Mapping Theorem implies that 

(rT) 
?d T-1 bt, T -4 B2 (r) dr. 

(3.44) 

(3.45) 

This result extends into the multidimensional case [43, p. 498] so that 

(rT) r 
T-1 bi, TUit -d 

Jo 
B (r) B'(r) dr. (3.46) 
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Note 3.6: Under certain conditions a stochastic integral can be defined as 

I GO) r) = fo' f (Lu, r) dm(w, 0 where f (w, r) and m(w, r) are stochastic processes. 
An advanced treatment is contained in Chung and Williams [37, Ch. 2] and a 

more accessible treatment is in Davidson [43, p. 5031. In the case where rn(w, r) is 

a Brownian motion, this integral does not exist in the Riemann-S tielj ties sense, 

since B(w, r) is not of bounded variation for any given Lu. Nevertheless, it exists. If 

the function f (w, s) is independent to B (r) -B (s), it is called a non-anticipating 

function. Some rules for non-anticipating functions are given by McCabe and 

Tremayne [115, p. 201]. Importantly, a Brownian motion is non-anticipating with 

respect to itself. If f (w, r) does not depend on r it is a deterministic function. In 

this case the integral still exists. 

Note 3.7: Park [138, p. 1381 presents some general results for the conver- 

gence of partial sums to stochastic integrals. Other results can be found in 

Park and Phillips [139] [140], and at a more elementary level in Hamilton [74, 

p. 4861 and Banerjee et al. [10, Ch. 1-3. ]. Of these the most important are as 
I 

follows. Recalling the definition Ui, T 2 Ui t en: 

T1 

bi ', T 
dB (r) dB' T Ui --+ 

JO 

TT 

where IF Jim E Ui, TUi-jT; 
T-+oo 

)=O i=j 

T 
Jim and, 0 -E T--+oo 

E Ui, TUi, T + r+ 1ý- 

i=O 

Fý-om the application of Ito's rule [43, p. 5071, it is noted that 

(3.47) 

(3.48) 

JB (r) dB'(r) =1 (B (1) B'(1) - 0) a. s. (3.49) 
o2 
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Rirthermore, if there is a functional array at, T defined in Note 3.5, then 

dII 

00 
Oi, TUif, T ce (r) dBf (r) (3.50) 

Using a conformable non-stochastic matrix n, 

bi Id TUi, TK 
10 

B (r) dB' (r) K! + r, n, 

and, defining W (r) =B (r) W, the last integral is equal to 

1 10 
B (r) dW' (r) + (3.52) 

Note 3.8. If B (r) and W (r) are independent Brownian motions with covariance 

matrices nB and Q, the integral Vec (for B (r) dW' (r)) is normally distributed 

r with zero mean and covariance matrix V(r) = Q. 0 fo' B (r) B' (r) dr. It follows 

from the previous note that if n' can be chosen to make B (r) and W (r) inde- 

pendent, then (Using MN to denote Multivaxiate Normal) 

(T 

Vec --'bi (3.53) ý, 
TUi, Ttl 

) 

d mN (vec (f, K') , 
(Q,, 0 V(I))) 

. 

Providing K! is chosen as in Note 3.3 then this condition will hold. 

Note 3.9. Using the theory above, the Fully Modified Estimator can be shown 

to be asymptotically normal in the regression model with m equations and k sto- 

chastic regressors which are I(I). Define: y' = xt)3 + u' = T2 f tt 
(bl, 

t, T, 
3 + U1 

2, t, T 

b" X: T 
1 

Ul, t, T; and, define F, as the first k columns of r. The relevant result I t, T t= 

for FM estimation is that 

Vec (T-1 OFM 
- 

ß» 
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T-1 j: T bi -1 
Vec 

t=l t, Tbl, t, T) 

xT bi 
, t, TUt 

0 

d 
-4 Vec B, (r) B'l (r) dr Bi (r) dW(r) 

((jo 

0 

-N(O, IvQw & 
(10 1 

B, (r) Bl' (r) dr) (3.54) 

The introduction of stochastic regressors does not greatly complicate the problem 

as long as they can be characterised as functions which uniformly converge to ce (r) 

after some dividing by some power of T. 

Note 3.10: The theory of maximum likelihood estimation, and classical 

asymptotic tests can be found in Davidson and MacKinnon [45, Ch. 13] and 

Cramer [41]. Define: L (0) = log likelihood function; 49L(O) -S (E)) - score aE) 
kxl 

vector; and, -E I (E)) =E (S (6) S (6)') = Information matrix. If it is 
aeael 

" assumed that L (6) is a local maximum at L (6) 
, then S 0. Define 

OG(19) 
" set of restrictions as G (8) = 0, with go (19) = 490 . 

If L (E)) is maximised 

subject to a constraint G (E)) = 0, S (6) = go (0) A and G 0, where 
rX1 

A is the vector of Lagrangian Multipliers. The true information matrix may 

not be known, but replaced with an estimate 1 (0) or 1 (6) 
. Using V (19) = 

go (())1 (0) -1 go (0) 
, where once again V (E)) may be evaluated at any value 

E), the tests are then defined as: 
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Wald 

W=G (b)'V (6) (3.55) 

Lagrange Multiplier 

LM =S (1; )' (1 (6) -') S A/ V (0) A. (3.56) 

Likelihood Ratio 

LR = -2 
(L (0) -L 

(6)). (3.57) 

This chapter refers to the LM statistic. This is not strictly correct since the FM 

estimator is not a maximum likelihood estimator. The terminology refers only 

to the fact that in testing the hypothesis of no structural change, the variance 

estimate from a restricted model is used. The terms quasi-maximum likelihood, 

and quasi-LM is preferred by some writers [179]. 
- 

Note 3.11: If Y=X+e, where X= Z: D, the associated TxI 
12 

(Txm 

Txp) 

projection matrices onto the space orthogonal to the column space of each matrix 

are defined as MX, MD and Mz (i. e. for Z, Mz -I- Z(Z'Z) -1 Z). Mz y=ý is 

the OLS estimate of the error vector under the restriction that 02 =0 and MX y= 

j is the unrestricted estimate of the error vector. It follows that MXMZ = MX. 

Likewise, defining D* MZD, and MD. as the associated projection matrix, 

D*MX =0 =ý, MD-MX MX. Therefore, 

X, 3 + Mx 

=: >. Mz y= MzDý2 + MZMX Y (3.58) 

D*, 32 + MX 

:::: ý MD*6 MD*MXY: --:::: ý0 



4. TESTING FOR CAUSALITY, COINTEGRATION 

AND STRUCTURAL CHANGE. THE CASE OF 

AGRICULTURAL WAGES IN THE UK. 

4.1. Introduction 

The relationship between agricultural wages and minimum wages in the agricul- 

tural sector is analysed in this section. Tiffin and Dawson [173] examined the 

relationship between real wages in UK agriculture and real minimum. wages as 

set by the Agricultural Wage Board (AWB) in England and Wales, during the 

post war period (1948-1993). 1 They conclude that there is a cointegrating rela- 

tionship between these two variables (using the Johansen method). These writers 

were principally concerned with the direction of causality (in the sense of Granger 

[67]) between the two variables. 

At its most simplistic level, neoclassical theory would suggest that minimum 

wages will, if the are effective, induce lower employment in a perfectly competitive 

sector [102, p. 250]. ff displaced labour resources compete for existing work, then 

it would be expected that this would drive the average market wage down (for a 

formalisation, see the appendix, Section 4.8.8). 

Tiffin and Dawson concluded that the direction of Granger-causality flowed 

'For a discussion and background see Tiffin and Dawson [173]. 
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from the average market wage, to the minimum wage and not the other way 

around. Hence the decision making process involved in wage setting was seen 

to follow the market wage, with no significant feedback to the average wage. 

They concluded, therefore, that the AWB was in this sense reactive rather than 

proactive. Tiffin and Dawson compare their results with that of Lund et al. [111], 

who concluded that minimum wage legislation had a positive impact on average 

earnings, and Dickens et al. [511, who conclude that average earnings were largely 

unaffected. 

This chapter will re-examine this relationship using the methods of Phillips 

and Hansen [1511 and Hansen [75]. In addition, a full range of the recursive 

tests developed by Zivot and Andrews [182], McDermott [1181 and Gregory and 

Hansen [70], as well as a recursive plot of the Johansen [89] maximal eigenvalue 

tests for cointegration, will be used. It will be demonstrated that all these tests 

give results that are highly consistent. 

The Granger-causality tests will be reconducted cognizant of the work of Toda 

and Phillips [174], and Mosconni and Giannini [1271. Finally, the impulse response 

functions are examined (see Lutkepohl [112, p-49-611). It is argued that the 

minimum wages Granger-cause the nominal average wage in Agriculture. 

4.2. Assessing the Impact of Nlinimum Wages 

4.2.1. Granger-causality 

The testing of the Granger-causality hypothesis in the presence of cointegration 

has recently received renewed attention (see [721 [1071 [1711). The definition of 

causality used by Tiffin and Dawson [1731 is that of long-run causality. This 

definition has been used by Hunter [83] and Hall and Milne [73]. Put simply, if 

a variable in a cointegrating relationship does not have a significant coefficient 
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associated with the error correction term, then it fails to reject causality 'in the 

long-run'. This condition is a sub-condition of the more general non-causality 
definition (see Hatanaka [78, p. 238] and Mosconi and Giannini [127, p. 401]). If 

there is significant coefficient associated with the error correction term, then 

Granger-non-causality would be rejected. However, Granger-causality does not 

imply a non-zero error correction coefficient. It has been argued that the long- 

run definition is in some sense more appropriate when dealing with cointegrating 

relationships (see Hunter [83]). 

It is the contention here that this definition of causality is misleading in this 

context. For instance, if the AWB were pursuing a successful policy of keeping 

the minimum wage to 8016 of the average wage, then it would be expected that 

it would be rninimum. wages which would make the adjustment to preserve the 

cointegrating relationship (1, -0.8). There is no reason, a prio7i, why the actual 

wage should respond to departures from this 'equilibrium' relationship directly. 

However, it may well be possible that adjustments to minimum wages do have 

an impact on the average wage (or more specifically, past adjustments to the 

average wage) and therefore minimum wage setting does have a very real impact 

on the long-run average wage in both the long-run and the short-run. By way of 

example, hypothesis the system: 

Al, mwt = p(lwt- 1- lmwt- 1) + elt; and, (4.1) 

AlWt = I/AlMWt-l + e2ti 

where: 

lmwt =natural log of the minimum wage; 

1wt =natural log of the nominal wage; and, 

the error process is assumed to be (elt, e2t) - IN(O, Q). 
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Assuming that -Y =0 then nominal wages are Granger-caused by minimum 

wages, but not according the long-run definition. However, substitution of the 

first equation into the second gives 

AlWt = -yp(lWt-2 - 1MWt-2) +7elt-1 + e2t- (4.2) 

It would seem incorrect upon examining Equation 4.2, to assert that wages do not 

adjust to bring equilibrium about, or that the log of wages is not Granger-caused 

by minimum wages 'in the long-run'. 

4.2.2. Impulse Response Analysis 

Previous work on this subject does not utilise the theory of impulse response 

analysis which was suggested by Sims[1641 (see also, Lutkepohl [112, p. 49-611 and 

Hamilton [74, p. 318]). As noted by Lutkepohl [112, p. 45], Granger-non-causality 

implies that the impulse response functions are zero. In order to examine the 

impact (if any) of minimum wages on average earnings and vZce versa, impulse 

response analysis may be used to assess the impact of a shock to either of the 

variables of interest. Upon estimating a VAR between the two variables, the 

moving average (MA) representation may be obtained from the VAR coefficients, 

and the impact of orthogonalised shocks may be examined. The basic theory 

of impulse response functions in reviewed in the appendix to this chapter (see 

Section 4.8.2). The impulse response functions will be examined (in Section 4.6) 

after the tests for Granger-causality. 

4.3. Application of Recursive Tests for (Co)Integration 

The next section will reexamine these results using the recursive methods allowing 

for structural breaks in the data and the use of broken trends to account for 
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these breaks. Following this, it will be demonstrated that substantially different 

conclusions from that of Tiffin and Dawson [1731 are reached. More specifically, 

it is found that there is causality flowing in both directions, meaning that in a 

sense the AWB does have an influence over the average wage. In the last section, 

the orthogonal impulse response functions are plotted and it is argued that the 

average wage may have a negative influence on average earnings. 

4.3.1. Univariate Behaviour of the Data 

The plots for the logs of nominal and minimum wages are presented in Graph 

4.1. The time plot for the differenced data is in Graph 4.2. The plots clearly 

show an upward trend in both series and would appear to move together. Upon 

differencing it is clear from Graph 4.2 that both series axe strongly correlated in 

differences also. The largest movements in both series are around 1973 to 1975. 

The examination of these plots would suggest that both series behave in a similar 

way and are integrated of the same order. 

The data were first tested for unit roots using the Zivot and Andrews (Z-A) 

procedure [1821 (see Section 4.8.3) in conjunction with the standard Dickey-Fuller 

(D-F) test and the Phillips and Perron Z, test (refer to Hamilton [74, Ch. 171). 

All unit root tests included a deterministic trend in the regression. Graphs 4.3 

to 4.6 present the results of the recursive unit root tests for the raw (logged) and 

differenced data. In all the graphs a deterministic trend has been included along 

with a broken trend in the regression. The Lag length p was initially set to 4 and 

then lags were eliminated if they were insignificant (at the 5% level). 

The values for the unit root tests are presented in Table 4.1. The last column 

of this table contains the minimum t-statistics for the case of a broken trend 

(Equation 4.1). The conclusions that follow from these tests are that both vari- 
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Table 4.1: Unit Root Tests 
D-F - F-Z,, -1 1 7Z-7A7ý 

Min WAL-e -1.73 -2.60 -3.65 
Wage -2.06 -2.61 -2.96 
Differenced Min wage -2.90 -15.51 -5.85* 
Differenced Wage -2.03 -9.68 -5.85* 
Crit 5% -2.96 -19.8 -5.08 
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Critical values for Z-A tests are in Zivot and Andrews [182], Table 4. 
The critical values for the Z,, and D-F tests can be found in Hamilton [741 Tables B-5 

and B. 6 respectively. 
*denotes significance at the 5% level 

ables may contain one unit root. As can be examined from the second and third 

rows of Table 4.1, both series cannot reject a unit root, even allowing for a broken 

deterministic trend. Notably, both series have the maximum evidence against the 

unit root process at around 1974 (see Graphs 4.3 and 4.6 ). Upon differencing 

the data, the minimum t-statistics reject unit roots (rows 4 and 5 ). Notably the 

standard unit root tests failed to reject unit roots in the differenced series (refer 

to colunms 2 and 3 of Table 4.1). However, once a structural break is allowed 

for, unit roots are rejected in the differenced series. 

In summary, the univariate behaviour of both variables is consistent with 

being integrated of order one around a deterministic trends with a structural 

break. In both cases the structural break is around the 1974 period. 

4.3.2. Cointegration 

Having established that the data may be integrated of order one, the series were 

tested for cointegration. In view of the results above, it could be expected that 

since the differenced series move together closely, there is a possibility that they 

are cointegrated in levels (although correlation in differences does not imply coin- 

tegration in levels). However, since the recursive unit root tests revealed slightly 
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Table 4.2: Tests for Cointegration 
Statistic I FV-alue I Crit Val 5% 1 Break Year 

I. Standard Z, -27.36 -21.5 N/A 
2. inf (Z, ) -28.42 -22.92 1974 
3. Max Eig St (Johansen) 5.54 15.19 N/A 
4. Recursive Max Eig St (Johansen) 42.69 1974 
5. 'IY nd Shift (G-H, Model 2) -6-91 -4.99 1974 
6. Regime Shift (G-H, Model 3) -7.12 -4.95 1974 
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Note: that the Critical Values for (1. ) and (3. ) are from Hamilton [74, Table B. 8 and 
B. 10.1, (2. ) is given in McDermott [1181, Table 4.1, and (5. ) and (6. ) are given in 

Gregory and Hansen [70] Table 1. 

different behaviour, it would be reasonable to expect that there may be a struc- 

tural break between the two series around the mid 1970s. Several different meth- 

ods were used to estimate the cointegrating relation of 

1MWt :: --": PO + PllWt + P2t + et (4.3) 

where, as before, 

1wt = natural log of the agricultural wage, and lmwt =natural log of 

the minimum wage. 

4.3.2.1. McDermott's Recursive Z, (Rec-Z, ) Tests 

The first of these is the recursive test discussed in McDermott [1181 (described 

in Section 4.8.4). The plots of the recursive tests for cointegration axe presented 

in Graphs 4.8,4.9 and 4.10. The values for the standard Z, and inf ( Z,, ) are 

presented in Table 4.2. Both tests reject the null of no cointegration. However, 

an exarnination of Graph 4.8, reveals that there was an accumulation of evidence 

against the null of no-cointegration up until 1974, after which there was a sharp 
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rise in the Z,, until its downward trend resumes. This leads to the conclusion 

that there may well have been a regime shift at the point at which both series 

seem to have a shift in their univariate behaviour. 

4.3.2.2. Gregory and Hansen (G-H) Tests 

The tests which are reported in the last two rows of Table 4.2 are the tests de- 

veloped by Gregory and Hansen [701 (described in Section 4.8.5). These authors 

developed tests based around three models. The tests for the second and third 

models are presented here (referred to as the Trend and Regime Shifts respec- 

tively). Once again the test statistics can be plotted against time, and the point 

at which there is maximum evidence against the unit root in the residual of the 

regression can be chosen as the point of a potential structural break. The plots for 

these tests are presented in Graphs 4.9 and 4.10. Both these plots clearly choose 

1974 as the point at which a structural break occurs, which is also around the 

time that the Z-A tests choose as the break points for the univariate behaviour 

of the series. 

4.3.2.3. Recursive Johansen Tests 

The Johansen procedure can test rank restrictions on the long-run matrix H( see 

Section 4.8.1, Equation 4.5) and then estimate the parameters subject to these 

restrictions. A recursive version of the Johansen tests for cointegration may be 

easily instrumented by allowing for dummy variables in the auxiliary regressions 

(see Section 4.8.6 Equations 4.20). 

The tests for no cointegration against the alternative of one cointegrating 

relationsMp may be calculated and plotted against time. Here, the case of interest 

is that of the test for no cointegrating relationship in favour of one (h, = 0, h2 
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I). As with all the recursive tests thus far, the point at which there is maximum 

evidence against the null of no cointegration is of interest. A plot of Th,, h2 (r) is 

given in Graph 4.4. As can be seen, the maximum is at the 1974 period, which 

is in accord with all the other tests in this chapter. 2 

The standard and recursive Johansen tests are presented in Table 4.2. The 

standard test (for which a intercept is included, with no restrictions on its values) 
fails to reject the null of no cointegration between the two series. However, the 

recursive test gives substantially different results. At 42.49 it is nearly three 

times the standard critical value. However, the critical values of this test have 

not been tabulated, to the authors knowledge, at the time of writing. However, 

previous recursive tests generally have critical values less than twice as large as 

the standard versions of these tests, suggesting that there is significant evidence 

against the null of no cointegration, once a break has been introduced. 

It is worth noting that a deterministic trend term has not been included in 

the Vector Autoregressions run for this procedure. However, trend terms were in- 

cluded in the regressions for the G-H tests as well as the cointegrating regressions 

used for the McDermott (Rec-Z, ) tests as well. The reason for this inconsistency 

is that the critical values for the Johansen procedure have not been tabulated 

in the case where deterministic time trends are placed in the autoregression (at 

least to the authors knowledge). As a matter of interest however, the inclusion of 

a time trend leads to a substantial increase in the non-recursive test for no coin- 

tegration (21.93). The recursive tests for a structural break lead are essentially 

the same, choosing 1974 as the break point and a value of 48.81 for the test of no 

cointegration. 
2 In this case, the recursive procedure selected the lag length for each point in time on the 

basis of the Schwarz information criteria [96, p. 728). In nearly all cases the lag length was 

selected as two. 
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Table 4.3: OLS Coefficients and Standard Errors 
I I Beta SE T-Stat 

Intercept 1.0283 0.0177 57.80 
Coefficient -0.1953 0.0201 -9.42 
Time Trend -0.0094 0.0015 -5.79 

Table 4.4: FM Procedure: Coefficients and Standard Errors 
11 Beta SE T-Sta 

Intercept 1.025 0.0243 42.07 
Coefficient -0-1778 0.0296 -5.99 
Time Trend -0.0091 0.0022 -4.04 

4.4. Estimation: Application of the Fully Modified Procedure 
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The relationship in Equation 4.14 was estimated using Ordinary Least Squares 

(OLS) and the Fully Modified (FM) procedure, described earlier in Chapter 3. 

The results for OLS are presented in Table 4.3. The R2 for the regression was 

extremely high (0.9951). The signs and coefficients are as would be expected, 

except for the time trend, which was not expected to be significant. 

The results for FM estimation are fairly similar to the OLS results, although 

the standard errors are around 50% larger for each of the coefficients. The larger 

standard errors, however, did not significantly change the significance of the co- 

efficients. The cointegrating relationship between the variables is consistent with 

being (1, -1), although there is a significant time trend as before. 

Given these results, it is concluded that the minimum wage generally increased 

at the same percentage as the nominal wage in agriculture. At the beginning of 

the sample the minimum wage was approximately 83% of the nominal wage (exp (- 
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Table 4.5: Structural Change Tests 
11 11 StandaW-FMo-dified I Crit 5ýfoj 

Suff 14.75 26.72 15.2 
MeanF 1.877 3.40 6.22 

Break date from SupF 1974 

86 

. 1779)=. 83), but then decreased over the sample period (to about 777o of the 

nominal wage at the end of the period). 

As discussed above, there is mixed evidence concerning cointegration, and 

there is evidence of a structural break around the 1974 period. The Hansen tests 

for a structural break are presented in Table 4.5. The second column presents the 

standard tests as discussed earlier in this chapter. The third colunin contains the 

modified versions of the tests through the recomputation of the long-run variance 

matrix also discussed the third chapter. The plot of the F-test is presented in 4.7. 

As can be seen from this plot, there is a sharp peak at around 1974. This supports 

the evidence given by, the recursive cointegration plots and is also consistent with 

the recursive tests for a unit root in the individual series. However, according to 

the standard versions of the test, the null of no structural change is not rejected 

at the 9576 level of confidence. However, the modified version SupF of the test 

in the next colurrm does reject structural stability. This is consistent with the 

Monte-Carlo evidence given earlier in the chapter. Notably, the MeanF statistic 

still does not reject structural stability. However, there is considerable collective 

support for a structural break at around 1974 when all the tests are taken into 

account. 
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4.5. Testing Granger-causality 
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As noted in Section 4.8.7, the existence of unit roots in the data may invalidate 

standard tests (LM, Wald LR, F-statistics), in that they do not have their usual 
limiting distributions (see Toda and Phillips [174], and Hatanaka [78, p. 238]). 

However, where there is cointegration between two variables, the standard rules 

of inference apply. 

The evidence given in the previous section suggest that the data are coin- 
tegrated, but with a structural break. Under these circumstances the appropri- 

ate regression would involve the introduction of dummies and possibly changing 

trends at the points at which the structural break is thought to occur. Under the 

assumption that the introduction of these dummy variables did induce a coin- 

tegrating relationship, then the standard tests may be applied in a regression 

Of3 
22 

yt = ao + ceiyt-i + 7rixt-i + p. t + ýpobt + ýpjbtt + vt (4.4) 

where 

6t =0 for t< 1974, and 6t = 1, for t> 1974 . 

It will be noted that the inclusion of the trend term makes this regression more 

general than the VAR used to test for cointegration using the Johansen procedure. 

The inclusion of these if they are irrelevant will not bias the result, but will 

decrease the efficiency of the test. 

Mosconi and Giannini [127] outline a general iterative procedure (see Section 

4.8.7) where there are rank restrictions placed on the long-run matrix. This test 

is conducted where a dummy is introduced to account for a structural break at 
'As noted before, two lags were chosen since this is the number of lags which maximised the 

AIC and SIC criteria. 
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TaMe 4.6: C. litv Tests 
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1974. The broken time trend is also introduced to the VAR for the estimation of 

the reduced rank regression. 

The results in the first row of Table 4.6 were obtained using an autoregression 

of two lags with the addition of the trends, dummies and broken trends. Two lags 

were used in the autoregression, since several of the values of the second lag were 

found to be significant on the basis of their t-statistics (although the Schwarz 

criteria chose only one lag). 

The results in the last colun-m of Table 4.6 clearly reject non-causality flowing 

from the actual wage to labour in agriculture to the minimum wage. An the test 

statistics reject non-causality at very low levels of significance.. Furthermore, the 

reduced rank regression rejects non-causality at lower levels of significance. This 

suggests that the policy of the AWB has been to react to past movements in 

actual wages. The evidence against non-causality from the minimum wage to the 

actual wage is not as strong. However, it is still significant. 

4.6. Impulse Response Plots 

The results suggest that the past movements in minimum wages have an influence 

over the level of average earnings in agriculture. However, no comment can, as 

yet, be made about the direction of this influence. Impulse response functions 

(described in Section 4.8.2 ) may give an indication as to the direction of this 

influence. However, it should be recognized that ultimately correlation does not 

mean cause in its broadest sense. 
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Impulse response functions can be constructed in numerous ways. The or- 

dering of the variables will give the resulting impulse parameters substantially 
different interpretations. If the shock (in the original VAR) associated with min- 
imum wages is taken as the 'primary shock', and then another orthogonal shock 

associated with average wages is constructed, then it would be likely that average 

wages would be associated positively with this shock, since it is plausible that 

there are common shocks to both variables which are derived from inflationaxy 

shocks (particularly if the AWB were able to anticipate positive changes to av- 

erage wages). In a non-stationary system, the influence of these shocks might 

continue to be positive, since they are permanent (the coefficients in the MA rep- 

resentation will not tend to zero). However, it would be capricious to claim that 

this was evidence that minimum wages drove up average wages. If the shocks to 

average wages (derived from the VAR model) are taken as the 'primary shock', 

then it would be interesting to examine the impact of past shocks on minimum 

wages which are orthogonal to the 'primary shock' to wages. Examining the im- 

pact of these impulses provides evidence as to the direction of the influence of 

changes in the minimum wage on the average wage. It should be acknowledged, 

however, that this claim can only be made on the contingent hypothesis that 

contemporaneous changes in minimum wages do not lead contemporaneously to 

changes in the average wage. This cannot be refuted on the basis of econometric 

evidence presented here. 4 

The impulse response plots are given in Graphs 4.12, and 4.13. The first 

of these are the orthogonalised impulse response functions described in Section 

"A wider set of variables could be examined. If it is agreed a pio7i that these are exogenous 

to the setting of minunum wages, and that the innovations in these series could account for 

any contemporaneously correlation between shocks to minimum wages and average wages, the 

analysis would be robust in the face of this criticism. 
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4.8.2, Equation 4.13. The second is the cumulative impulse response function. 

The cumulative plot is simply a summation of the impulse response function. As 

noted by Lutkepohl [112, section 11.3.3a], this plot will explode as the number 

of time periods is increased. Here, only the first four shocks are examined. As 

can be seen, the impulse function is negative, suggesting that the influence of 

orthogonalised shocks to minimum wages have a negative effect on average wages. 

Therefore, in conjunction with the tests for causality presented in Section 4.5, it 

would appear that if the AWB pursues a policy of increasing minimum wages, 

they should consider the possibility that this drives the average wage down in 

subsequent periods. 

4.7. Summary 

This work in this chapter has re-examined the causality between minimum wages 

and the average wage in agriculture. It utilised several methods for testing for 

cointegration in the presence of structural breaks. Without structural breaks be- 

ing introduced, the evidence for cointegration was mixed. However, the recursive 

methods showed considerable consistency in choosing 1974 as the point at which 

a structural break occurred.. Moreover, all these techniques suggested that the 

two series were cointegrated after this structural break had been accounted for. 

Granger-non-causality was rejected in both directions. The strength of the 

rejection of non-causality from minimum wages to the average wage was greatly 

increased by the imposition of one cointegrating relationship. Finally, impulse 

response analysis indicated that past increases in minimum wages, which were 

over and above those which were correlated with contemporaneous changes in 

the average wage, had a negative impact on the average wage. 
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4.8. Appendix: Methods and Techniques 

4.8.1. The Johansen Procedure 

The Johansen procedure (89][90][135] [92], estimates a Vector Autoregression ( VAR) 

for a vector valued process Yt 
JIT , of the form 

Px t=1 

k 

Ayt A+ Hyt-l + FiAyt-i + et (4.5) 

(t k+1, k+2, ....., T). (4.6) 

In order to test the rank restrictions on rl =aý', two auxiliary regressions are 
pxrrxp 

run, and the errors are extracted (see Hamilton [74, p. 636]) from 

k-1 

Ayt do + ýVizýyt-i + f)lt (4.7) 

and 
k-I 

+ ý*Ayt-j 3 yt-, do i+ i)2t 

The sample moments can then be computed as 
T 

tij = T-1 Ef)itf)j't, (4.8) 
t=l 

and the eigenvalues of 
t -It2lt-1t12 (4.9) 22 11 

may then be calculated and ranked as ý, > ý2 > ýp 
- 

Testing the null hypothesis of a rank(H) = hi against the hypothesis of 

rank(II) = h2 :! ý p, can be conducted by calculating the test statistics 
h2 

Thi, h2= -T ý_' In(I - Ai). 
i=hl+l 
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The distribution of this test statistic will depend on the nature of the trend term 
in the VAR (p) and whether a trend term has been included in both the auxiliaxy 

regressions (Equations 4.7). The distributions have been tabulated for at least 

3 different cases (see Hamilton [74, p. 646-647]). For a given rank restriction (, r 

cointegrating vectors), the cointegrating vectors (Y) which span the cointegrating 

space of y (the row space of 11) can be chosen as the first r eigenvectors associated 

with the r largest eigenvalues. 
The adjustment matrix (a) can be computed as [89, p. 134] 

T-k )-I T 
1: 

V2tV2t, 3 
13, 

E 
V2tVjt - 

týl t=l 

The Likelihood function which is maximised subject to rank(H) =r can be ex- 

pressed as [89, p. 134-135] 

6(3)01ýý2206(3)1 

I 
: ýl 

I- 
t12/3 (31 t22,3) -I 

i3lýýJ211 - 

4.8.2. Impulse Response Analysis 

hnpulse Response analysis requires that a Moving Average (MA) representation 

is found as: 
k 

Yt = 11 + 1: E)iEt-i, 

i=O 
where Et - IN (0,1) Vt. 

The parameters E)i can be computed from the VAR coefficient matrices [112, 

p. 18]. The vector et can be constructed to have a covariance I by using the 

Cholesky decomposition of the covariance matrix of the original innovations in the 

VAR. The matrix 00 is the lower diagonal 'square root' of the original covariance 

matrix. 
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Assume that yt has two components such that y' = (zt, xt) and e' = (ut, vt) tt 
Having obtained this representation, the coefficients can be interpreted in the 
following way: 

aE (ztl zt-i, Yt-i-1) 

09ut-i 
= Oll'i 

aE (ztl xt-i, zt-i, Yt-i-1) 
avt-i = 012, i 

aE(xtl zt-i, Yt-i-1) 
(9ut-i 

= 021, i 

and, 
aE (xtl xt-i, zt-i, Yt-i-i) 

= 022, i 
avt-i 

(4.12) 

EA. 
- From above, it is evident that the ordering of the coefficients is important. The 

fact that zt is placed first means that the expectation is always conditional upon 

z. The interpretation Of 012, i is, therefore, the impact of vt-i on zt after the effect 

of ut-i has been accounted for. If zt were defined as the log of average wages 
(1wt), and xt was defined as the log of the minimum wage (1mwt), we may be 

interested in the plot of 

, 9E (lwtl lmwt-i, lwt-i, Yt-i-1) 

avt-i 
=: 012, i (4.13) 

The values Of 012, i would give information about the way that wages in agriculture 

respond to past innovations in the minimum wage which are contemporaneously 

uncorrelated to shocks to the average wage. However, these values should be 

interpreted with caution. If the values Of 012, i are negative, it cannot be unequiv- 

ocally claimed that innovations in the minimum wage drive down the average 

wage. The reason this cannot be claimed is that shocks to minimum wages and 

average wages (in the VAR) may be positively correlated, whereas the error vt is, 

by construction, independent. 
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4.8-3. The Zivot and Andrews (Z-A) Test for a Unit Root - 

The Zivot and Andrews (Z-A) procedure [1821, runs recursive regressions of the 

form 

, 
Ak yt ýo (7") + ý, * (r) bT (7-) 

t+b 
(7-) Ak- lyt_ i (4.14) 

ai (, r), Akyt_i +t ýI (, 7) + ý* (, r) 6 (-r) 
t 

Dr (t) + it (7-) 
, 

where 

6T (-r)t =0 for t< (-rT) 

=1 for t> (7-T) 

and D, (t) =t- (-rT) 

for all -r C: (. 151.85) =A (where the notation (rT) is defined to be the inte- 

ger part of -rT). They also examine two other specifications, including the case 

where ý* (-r) = 0. The case where this restriction is imposed may be signified by 0 

subscripting the coefficient ýj (-r) (i=1,2) where i=1 if 0 and i=2 otherwise. 

The principle result used by these tests is given in Equation 4.16 

1 

inf tp. (T) dý 
inf W'(-r, r) dr x W'(, r, r)dW(r), (4.16) 

TEA ' rEA 

(10 

0 

where -dý denotes convergence in distribution, W (r) is a Brownian motion, and 

Wi(r) is projection residual in L2[0,11 of a Brownian motion on a subspace defined 

by i=1 or 2. For a full description see Equations 9 and 10 of Zivot and Andrews. 

The critical values for the two cases have been tabulated in Zivot and Andrews 

[182] in Tables 3 and 4. For an application of these tests and for their use in 

choosing the breakpoint in data see Perron [143]. 
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4.8.4. The McDermott (Rec-Z, ) Test 
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This test is developed in McDermott [118]. It uses the following procedure (where, 

as above, the notation (-rT) is defined to be the integer part of -rT): 

(a) Regress yt 

(b) Regress &t (r) 

(r) xt + &t (r), 
=& (T) 

et -1 
(-r) + Et (r) ; and, 

(c) compute Z, (-r) for all t == 

Z,, (-r) is defined as: 

Z,,, (-r) = (&(-r) - 1) - 
(-rT) 

(S 
T2 -2 

b 
S, 2 2 (-rT) 

t=2 

(-rT) 

s2 E2 (-rT) -1Et (-r); and, 
t=2 

b (-rT) 

02 
5TI, 

S., 2 (r) +2 (-rT)-' EWsb E Et(T)Et-s(T) 
- 

S=l t=s+ 1 

(4.17) 

(4.18) 

The weights used to construct the long-run variance of the error W,, b were once 

again calculated using the quadratic spectral kernal of Andrews [3]. b refers to 

that bandwidth which is chosen automatically by the data (in the manner outlined 

by Hansen [75]). 

Rom this, the following two statistics are used: 

1. The standard statistic= Z, (l) (see PI-lillips and Ouliaris [152]); 

1,2, .... 
(-rT) for aU rE (r, 1]- 

2. The minimum (or Infimum) statistic = inf (Z, (-r)). 
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The usefulness of this test is twofold. First, the critical values for the mf (ZC') 

have been tabulated under the null of a unit root, and second, the plots of the 

recursive tests may reveal the point at which a structural break occurs. Under 

the alternative of cointegration this test statistic should gradually decrease as the 

sample size increases. A sustained rise in Z,, over some period would indicate 

that there was either no-cointegration, or there had been a structural break in 

the series. 

4.8.5. The Gregory and Hansen (G-H) Tests 

The tests which are reported in the last two rows of Table 4.2 are the tests devel- 

oped by Gregory and Hansen [701. These authors developed tests based around 

three models with structural breaks. The tests for the second and third models 

are presented here (referred to as the 'Trend' and 'Regime Shifts' respectively). 

These tests are based around recursive regressions of 

Model 2 

Yt : -- 30 + 31 (r) 
-Ct + P2 (7-) t+ 6T (7-)t + 6t 

and 

Model 3 

yt :: -- 30 (T) Xt + ýj (T) 6T (T)t + ý2 (7) 6T (T)t Xt + 6t (T) 

where 6 (-r)t is defined in Equation 4.15. As with the Z-A tests (Section 4.8.3), 

these models are run recursively for all -r G (. 15, . 85), and the Dickey-Fuller (D-F) 

[52] tests for a unit root in the error are computed in each case. Gregory and 
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Hansen have tabulated the critical values for the minimum value of the D-F test. 5 

However, once again the test statistics can be plotted against time, and the point 

at which there is maximum evidence against the unit root in the residual of the 

regression can be chosen as the point of a potential structural break. 

4.8.6. The Recursive Johansen Tests 

The Johansen Procedure can test rank restrictions on the long-run matrix H (in 

Equation 4.5) and then estimate the parameters subject to these restrictions. A 

recursive version of the Johansen test may be easily implemented by allowing for 

dummy variables in the auxiliary regressions (Equations 4.20). These equations 

may be run recursively Using 6T (-r)t as defined in Equation 4.15: 

k-1 
Ayt =a(, r) + ýT (T)t ý (7) +Z ýi (7) Ayt-i +, ült (-r); (4.20) 

and, 
k-1 

i 'kt-i + f)2t (7) yt-1 

i=l 

over rG(. 15,. 8 5). 

At each point in time the value of 
h2 

Thi, h2 
(T) 

= -T 
E In(i - 

ýj (-r)) (4.21) 
i=hl +1 

may be calculated and plotted against time. 

'5As was the case in previous chapters, the method of lag length selection was done by setting 

the initial value of the lag number to a value (in this case 5), then lags are eliminated if they 

are insignificant at the 51'o level. This method was recommended by Perron [143]. 
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4.8.7. Testing Causality 
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One standard approach to testing for Granger-causality [67] (from x to z) is to 

run the regression 

kk 

Zt = aO + EaiZt-i + E7ri-Et-i + ak+lt + Vti (4.22) 
i=l i=l 

and test the non-causality hypothesis (from x to z) that 7r, =: 72 = ---7rk= 
0. The 

existence of unit roots in the data may invalidate standard tests (t, LM, Wald LR, 

F-statistics), as they do not have their usual limiting distributions (see Toda and 

Phillips [1741, and Hatanaka [78, p. 2381). However, in the circumstance where 

there is cointegration between two variables, the standard rules of inference apply. 

Mosconi and Giannini [1271 outline a general iterative procedure for testing 

non-causality, subject to rank restrictions, for the case where there are P2 variables 

in the VAR which are being tested for non-causality with respect to the other 

P- P2 ý_- PI variables. In the case of only two variables, with only one cointegrat- 

ing relationship, the case is greatly simplified and is not iterative. If non-causality 

from xt to yt is being tested, Equations 4.7 are estimated (defining y' == (zt, xt)) t 

subject to the restrictions that C2, 
i = 1ý112, i = Ol (i = 1,2... k - 1). The moment 

matrices (tii, R), eigenvalues and eigenvectors of the revised QR (defined in Equa- 

tion 4.9) can then be estimated.. The adjustment matrix, also estimated subject 

to these restrictions, is calciflated as (denoting the revised eigenvector estimates 

as ßR) 

ä0R)f ý-- 
(01 

all (AR) )- (4.23) 

The likelihood function can be calculated as 

2 
T LMax(l)R WRPItUOR6 (4-24) R 

ORY I- 
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The Likelihood Ratio test then becomes 

LR = -2 * (In (1) R) - In (1))) 
, 

(4.25) 

2 
which is asymptotically distributed as Xdf. The degrees of freedom (df) in the 

case of one cointegrating relationship between two variables can be calculated as 

df=l+(k-1) (see Mosconi and Giannini [127, p. 407]). 

4.8.8. A Note on the Effect of Minimum Wages on Average Wages 

The minimum wage in agriculture has been set at around 80% of the average 

wage. Clearly a requirement for it to have any effect is that there is more than 

one set of wages. However, if some workers lose their jobs (as the result of a 

minimum wage), then they may compete for existing work, and drive the wage 

down. This idea could be captured by having partially differentiated markets for 

labour. Define si and di as the supply and demand of labour in the ith market, 

and ei as the actual level of employment. The supply function could be defined 

as a function of the wage in the ith market, but negatively dependent on the level 

of supply in the related market (in a sense labour is partially mobile, perhaps due 

to transaction costs, information, and so forth): 

si Si(wi, Ej) and, (4.26) 

d, bi 
(wi) 

fori - 1,2 

With no interference it could be assumed that the system could determine its own 

equilibrium, with a wage differential. This solution could entail a higher wage 

in the second market. Now assume that the minimum wage was set above the 

equilibrium of the first maxket, but below that of the second. Under a binding 
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restriction of a minimum wage, the employment in the first market would be 

determined by its demand 61 = 61 (tb). However, if the second market is allowed 

to find eqifilibrium, the wage in that market is inversely related to the level of 

minimum wages 

62 
(W2 

Sl 

(W21 

61 
) 

U) 

) 
(4.27) 

W2 --` 
f 

(, 
&) 

As a direct consequence, the employment in the second market must increase, 

since 
d62 

(4.28) 7- = 612 (f (7ý) 
-f1 

(70 
-"ý' 

0- 
dw 

Defining 

ILi (zb) where E EI + 62) (4.29) 

then unambiguously 
f (17v) < 0, I-L, (I^v) > 0. (4.30) Pi 2 

The average wage would be measured by 

a(, Cv) - /11 (70 7ý + P2 (70 f (70 
1 

and therefore 

o9a(7b) +A1 (70 + Y/2 (70 f (70 +ff (7b) Y2 (7-b) 
O? b +2+ 

The last equation illustrates that the overall effect on the average wage is inde- 

terminate without further restrictions on the system. 
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Figure 4.1: Plot of Nominal and Minimum Wages 
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Figure 4.2: Plot of Differenced Nominal and Minimum Wages - 
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Figure 4.4: Z-A Plot for Nominal Wages 
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Figure 4.5: Z-A Plot for Differenced Minimum Wages 
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Figure 4.6: Z-A Plot for Differenced Nominal Wage 
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Figure 4.7: Recursive F-Test for Structural Change 
Recursive Tests far Structural Change 

1950 1954 1958 1962 1966 1970 1974 1978 1982 t986 

Doto 

Figure 4.8: Rec-Z, Test for Cointegration 
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Figure 4.9: Gregory and Hansen Tests for Cointegration: Trend Shift 
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Figure 4.10: Gregory and Hansen Tests for Cointegration: Regime Shift 
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Figure 4.11: Recursive Johansen Tests for Cointegration 

Recursive Johansen Cointegrotion Tests 

1950 1954 1958 1962 1966 1970 197A 1978 1982 1986 

Figure 4.12: Impulse Response Function: Min Wage to Wage 
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Figure 4.13: Cumulative Impulse Response Function: Min Wage to Wage 
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5. TESTING THE EFFICIENCY OF THE UK MILK 

QUOTA MARKET 

5.1. Introduction 

Milk quotas were introduced to curb milk production in the European Union 

through a provisional agreement made in 19841. In the UK, overproduction is 

assessed against the first purchaser. The financial penalty is then reclaimed from 

producers not holding enough quota at the end of the milk year. Quota can be 

bought and sold like any other commodity, although only by registered groupS. 2 

The demand for quota will ultimately be determined by the real price of milk 

(Hubbard [82]) and the financial penalty from over production in conjunction 

with the likelihood of incurring that penalty. Nevertheless, part of the return 

from holding quota are variations in its price. If there are large, systematic 

variations in the price of milk quota, there may be potential to profitably exploit 

this information. 

A commonly employed definition of efficiency is that a market is said to be 

efficient, relative to an information set, if all that information is incorporated into 

its price determination. 3 If agents are exploiting a given set of information then 
'Council regulation EEC No. 856/84, amending regulation No. 804/68. 

2 For details see Baker [7] and [21]. 
3 Commonly, the efficiency hypothesis IS divided into weak, semi-strong and strong. For an 

introduction see Keane [97] and Fama [58, Ch. 5]- 
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their prediction errors should be approximately orthogonal to that information set 
(Fama [581 [59); Keane [97]; Mishkin [122]). Therefore, if it can be demonstrated 

that freely available information can be used to forecast price variations of an 

asset, then the 'serni-strong' version of efficiency is rejected. 

This definition of efficiency can be criticised on the grounds that a statistical 

dependence between contemporaneous price variations and past information can 

arise where there are large transaction costs, or costs of interpreting informa- 

tion (Keane [97, p24]). Alternatively, this dependence may arise as the result of 

cnormal profit', where returns to assets may vary systematically over the whole 

economy. 4 In short, the efficient market hypothesis (as stated above) has a pow- 

erful 'protective belt' surrounding it. Nevertheless, the testing of the semi-strong 

efficiency hypothesis remains an interesting exercise. That the demonstration of 

dependencies on readily available information can be subscribed to other causes, 

does not detract from this. 

In this chapter a standard test of serni-strong efficiency is conducted using the 

past price of quota and the retail price index. The retail price index is relevant 

since the real value of an asset is more important than its nominal value, and 

also because the retail price index is relevant to the setting of milk prices in the 

UK (which influences quota price). Historically, the Milk Marketing Board has 

set an annual price which was seasonally adjusted. 5 Over the last ten years the 

real (non-seasonal) milk price has been approximately constant. 6 

4 Pesaran and Timmerman [148] note that the predictability of excess returns on its own does 

not imply market inefficiency. This article has numerous other references which deal with the 

rejection of 'semi-strong' efficiency. 
"This is not something that will necessarily continue given present changes in the structure 

of milk markets. For background refer to Milk Marketing Board [20]. 
6 Empirical evidence that the real price has been approximately constant is not presented in 

this paper. The work does not rely on this assumption. 
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This chapter presents evidence that the market for milk quota is inefficient. 

However, in recognition of the potential criticisms of this approach, a further 

argument is developed. Evidence is presented that agents in the quota market 

wait to observe changes in the rate of inflation, and then adapt their expectations 

accordingly. Consequently, it is proposed that it is the failure to forecast changes 

in the inflation rate that induces the failure of efficiency. The possibility that 

returns to milk producers vary positively with changes in the inflation rate is 

tacitly acknowledged. Although this latter proposition is not explored here, it is 

one that could form the basis of future work. 

This chapter will proceed by first developing the formal definition of an effi- 

cient market within the context of the milk quota market. The next section will 

discuss some of the econometric problems with testing the efficiency hypothesis. 

Finally, the empirical results will be presented and conclusions drawn. 

5.2. Formal Framework 

5.2.1. Notation 

7ri, t = rate of return (loss) from holding a unit of quota for the ith 

producer at time t; 

Amij =milk production by the ith producer in the jth month; 
t 

mi, t =E Amij = cumulative output for the milk year up until 
j=April 

time t for the ith producer; 

qi, t quantity of quota held by ith producer at time t-, 

6t I in the month which penalty for over production may occur 

(every April), 0 elsewhere; 
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ci, t = unit cost imposed on producers for the overproduction of milk 

at time t, 

pt = natural log of the aggregate price level at time t, 

wt = natural log of the price of quota level at time t; 

, rt = rate of return on other assets (the opportunity cost of holding 

quota) at time t; 

Zt*/ = (wt, pt) - 

5.2.2. Market Efficiency 

The marginal rate of return on holding quota for a producer is defined as 

109 

Iri't = Awt - Apt + bt. fit - Tt 

where fi, t is defined in Equation 5.2. 

Whether a producer incurs a penalty depends on their own decisions to produce 

and hold quota in conjunction with the decisions over the whole economy. Defin- 

ing Mt mi, t and Q qi, t, the relevant set of variables on which the size 

of the penalty for over production will depend is Yi, t = (Mt, Qt, mi, t, qi, t). The 

function fi, t may be defined as 

At = ft(6t x Yi, t), 
where: ft(O) = 0; and, (5.2) 

f (Yi, t) = ci, t >0 when mi, t > qi, t and Mt > Qt; 

=0 otherwise. 

It is noted that 6t. fi, t = fi, t, hence the term 6t is redundant. However the term 

6t wiH be kept to emphasise the fact that the function fit becomes non-zero once 

every year (at most). 
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fh is an information set at time t. In this section, the information set is 

taken to be Qt = (zt 
I Zt*. - 1, It is possible that returns in other markets can 

be forecasted using the information. The following notation is adopted: 

E(-rt/, Qt- 1) = -rt ; and, E Tt T. 
t-1 

(t-1) 
(5.3) 

ff all other markets are efficient then (once transactions costs are accounted for) 

Tt = T. (5.4) 
t-1 

Examining the average profit across the economy: 

qTt = Awt - Apt + 6th - Tt; (5.5) 
7ri, t fi, t 

-Tr tn and, tn 

-Trt >0 is average rate of 'supernormal' profit in the market as a whole. Therefore, 

the efficiency of the market requires that: 

E(-TrtlQt-, ) = 0; and, (5.6) 

E ((Awt -Apt) lQt- 1) - -6tE(jt1Qt_ 1) + Tt (5.7) 
t-1 

The information set may convey information concerning the future outcome of 

the value of the financial penalty. Using the same notation as for returns in other 

markets: 
E(ftlQt- 1) ft ; and, 

t-1 (5.8) 
E 

(tlt 
f 

-1 
Therefore, the efficient market hypothesis can be expressed as 

E ((Awt - Apt) /Qt-l) = -btf - 6t it -f + rt (5.9) 
(t 

1 t-1 
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If other markets are assumed to be efficient then this will reduce to 

E ((Awt - Apt) /, Qt-, ) = -6tf - 6t It -f + 7-. (5.10) 

The real value of the penalty may not be known until sometime after the end 

of the milk year. However, this does not fundamentally change the nature of 

the problem, providing agents cannot retrospectively buy quota which will allow 

them to overproduce in the previous milk year. It is the value of ft which 

matters, rather than the actual value of the penalty. If producers have very little 

information about the likely value of the penalty, at the end of the milk year, this 

term will be negligible. 7 

5.3. Testing Market Efficiency 

5.3.1. D at a 

The quota price data were supplied by the National Quota Exchange. The quota 

price is monthly, from January 1986 until June 1995 (114 data points), and is 

calculated from the monthly average of all trade within that month. The retail 

price index was used as a deflator over the same period. The data is graphed in 

Figure 5.1 

5.3.2. The Standard Approach 

ff an asset has a periodic dividend, then there may be a predictable fall in its 

price in the period after which the dividend is obtained. The predictability of 

the dividend would not imply market inefficiency. Therefore, the standard test 

'A levy was Imposed on at least some producers for 8 out of the 10 years. 



Milk Quota Market Efflciency 

Figure 5.1: Logged Price and Quota Price 

Logged-Ouota Price and Retail Price index 

1984 1986 1988 1990 1992 1994 1996 

Date 

of (semi-strong) efficiency would be to specify and estimate the equation 

11 
Awt - Apt = ce, + btAp + ceisi, t 

+ -ýjwt-j + ýjpt-j + et, 
j=l j=l 

112 

(5.11) 

where the si, t represent seasonal dummies. The term btAp is included to eliminate 

all periods for which there is a adjustment which could depend on past informa- 

tion, while not violating the efficiency hypothesis. The term Ap is constant within 

each milk year, but may change over the years. If the term 
(t It 

-f) is negligible 

then this would justify the restriction that Ap is zero for all years. There are ten 

'Aprils' in the sample, therefore setting p=1,2 ..... 
9 excludes all the April periods 

providing . 54, t is included in the regression. 

The procedure to test for market efficiencY would be: 

a) Conduct an joint test of the restrictions -yj,, 3j =0 for j=1,2, ... 1; 

and, 

b) Test the restriction that ai = 0, i=1,2,3,5, ... 11. 

As noted in the introduction, 'inefficiency' may be evident if 7-t did not reduce 
t-I 



Milk Quota Market Efficiency 113 

to -r, when in fact agents do not ignore relevant information (although this would 

imply that in other markets information is being ignored). The standard test 

is applied in Section 5.3.5 under this proviso (see Pagan and Wickens [137] for 

alternative approaches). 

5.3.3. Estimation and Inference Issues 

5.3.3.1. Unit Roots 

Standard tests (t, F, Wald, LR, LM) may be biased in circumstances where the 

variables contain unit roots. The data is monthly and therefore may contain 

seasonal roots as well as roots at the zero frequency. Tests for seasonal roots in 

quarterly data have been developed by Hylleberg et al. [87] and were extended 

to the monthly case by Beaulieu and Miron [14]. In Chapter 2, a recursive 

version of these tests was developed for the quarterly case. The critical values for 

the recursive monthly tests were tabulated in Tiffin and Balcombe (Unpublished 

Mimeo). The results for both the standard and recursive tests for seasonal roots 

are presented in Section 5.3.4. In addition, Section 5.3.4 presents the results for 

the standard tests for unit roots at the zero frequency, along with the Z-A [182] 

tests (discussed in Section 4.8.3). 

5.3.3.2. Cointegration 

As discussed in some depth in Chapter 4, cointegration (at any frequency) be- 

tween the quota price series and the retail price index would indicate that Granger- 

non-causality between the two series would fail. Granger-non-causality from the 

price index to the quota price is nested as part of the efficiency postulate. Ac- 

cordingly, the question of cointegration. hypothesis is also relevant (see also Baillie 

[6]). As noted in the introduction there has been some important changes in the 
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structure of the milk marketing system, as well as changes in the quota system it- 

self. Accordingly, the full range of methods for testing for cointegration discussed 

in Section 4.8, will be applied in conjunction with the Hansen tests discussed in 

Chapter 3. Only the case of cointegration between I(1) data is considered here. 

Consequently, testing for cointegration is conditional on the rejection of seasonal 

roots in the data (see Hylleberg et al. [87] and also Hylleberg [85]). 

5.3.3.3. Autoregressive Conditional Heteroscedasticity 

The literature on financial econornics has a considerable evidence that differenced 

financial series have non-normal distributions. 8 One potential explanation is that 

the data has a constant and finite unconditional variance but a variance which 

has a autoregressive or moving average representation. ARCH processes will 

invalidate standard tests for serial independence of a series (Bera and Higgins 

[15, p264]). Consequently, tests for ARCH processes will be conducted after the 

autoregressive behaviour of the series have been modelled (in Section 5.3.5.3) . 

5.3.4. Univariate Behaviour of the Data 

5.3.4.1. Standard Tests for Unit Roots 

The standard tests for unit roots in the are presented in Tables 5.1 and 5.2 . The 

first column (column ti) contains a test for a root at the zero frequency, as does 

the last column in each table (Column t*j). The remaining Columns t2, F1, F2... F5 

are tests for seasonal roots at differing frequencies. For details refer to Beaulieu 

and Miron [141. Equation six from Beaulieu and Miron [14, p. 309] was estimated 
'Tor a survey on the variants of ARCH processes and for a starting reference to articles on 

the distribution of speculative prices see Bera and Higgins [151. 
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Table 5.1: Standard Unit Root Tests: Levels 
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tl t2 F1 F2 F3 F4 F5 t*j 

InP -1.51 -3.25** 4.52 1.02 11.34** 3.34 6.67** -1.46 
InW -1.72 -3.44** 6.01* 5.64* 9.49** 10.14* 11.97** -2.68 
lnllý 

p -1.55 -3.42** 6.00* 5.79* 9.81** 10.17* 12.21** -3.33* 
Crit (5) -3.28 -2.75 6.23 6.23 6.23 6.23 6.23 j 

-3.42 
Crit(10) -2.99 2.47 5.25 5.25 5.25 5.25 5.25 1 

-3.13-1 
**(*) denotes rejection at the 5%(10%) level. Critical values for all but the last column 
are from Beaulieu and Miron [14, p. 325-326]. The critical values for the last column is 

from Hamilton [74, p. 766, Table B. 9]. 

for the retail price index, the price of quota and the deflated price of quota 9. 

The tests are applied in levels in Table 5.1, and differences in Table 5.2. All the 

statistics in colurrms t2, F1, F2... F5 of Table 5.1 must be significant in order for 

seasonal roots to be rejected. 10 

The results in Table 5.1 reject seasonal roots for the log of quota price and the 

log of the real quota price at the 10% level of significance or below. However, the 

tests are unable to reject seasonal roots in three of the frequencies for the retail 

price index. None of the Beaulieu and Miron [141 tests reject unit roots at the 

zero frequency. The standard Dickey-Riller (D-F) tests (colunm tl*) also fail to 

reject unit roots at the zero frequency for the retail price level and quota price. 

However, the real quota price rejects a unit root, though only at the 1076 level 

of significance. 

The results for differenced variables (Table 5.2), are similar. The evidence 

against seasonal roots increases in most cases. At only one frequency (F5) is a 

unit root not rejected for the retail price level at the 101% level of significance. 
gThe lag length was set to 12 and the insignificant lags eliminated recursively. 

'OUsing the notation in Beaulieau and Miron[14], the statistics represent the tests for -7r2 =0 

and the maximum of the F test for 7ri = iri+ 1=0 for i=3,5,... 11. 
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rU-1,1- r, 9- TT-ni+ Mio+o- 
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tj t2 F1 F2 F3 F4 F5 t 

AlnP -2.35 -2.63* 13.59** 2.01 11.07** 4.35 10.67** -8.48** 
AInW 

-2.94 -3.82** 7.14** 7.36** 10.86** 11.80** 12.35** -9.85** 
Alnllý 

p -2.89 -3.77** 7.00** 7.33** 10.92** 11.58** 12.48** -9.87** 
Crit(5) -3.28 -2.75 6.23 6.23 6.23 6.23 6.23 -3.42--l 
Crit(10) -2.99 2.47 5.25 5.25 5.25 5.25 5.25 

**(*) denotes rejection at the 5%(10%) level. Critical values for all but the last column 
are from Beaulieu and Miron [14, p. 325-326]. The critical values for the last column is 

from Hamilton [74, p. 766, Table B. 9]. 

However, the Beaulieu and Miron [141 tests still failed to reject a unit root at the 

zero frequency. By contrast, the standard Dickey and Fuller tests (once again 

in the colunm headed by tl*) reject unit roots at the zero frequency at very high 

levels of confidence. The rejection of a units roots at the zero frequency should 

mean that the standard Dickey FVller tests are valid. On balance, the series 

appear to be integrated of order one. 

5.3.4.2. Recursive Tests for Unit Roots 

The recursive versions of the tests are presented in Tables 5.3 and 5.4. The results 

are broadly consistent with the results of the standard versions. Seasonal roots 

are generally rejected (for both the levels and differenced series). However, once 

again the recursive versions of the Beaulieu and Miron [141 tests fail to reject unit 

roots at the zero frequency, even when the series has been differenced once. The 

Z-A [182] tests reject unit roots in the differenced series. 

The Z-A plots for the three series are presented in Graphs 5.2 to 5.7 at the 

end of this chapter. It is interesting to note that there was a 2% cut in quota 

at around May 1991, and in June of that year the McSharry agricultural reforms 

were announced. Nevertheless, there is no definitive evidence of structural change 
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Table 5.3: Recursive Unit Root Tests: Levels 
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11 1 1 
tl 1 t2 1 Fi 1 F2 1 F3 1 F4 1 F5 t* 1,1 

InP -4.62 -3.92* 15.71** 10.14 18.70** 9.53 9.99 -3.62 
InW -3.91 -4.80** 12.79* 15.82** 14.41** 17.70** 12.78* -4.30 

] 

InIL p -3.97 -4.75** 12.07* 15.52** 14.36** 17.53** 12.46* -4.56 
Crit(5) 1 1 

-5.82 -4.18 13.37 13.37 13.37 13.37 13.37 -5.081 
Crit(10) 1 1 

-5.04 -3.91 12.06 12.06 12.06 12.06 12.06 -4.82] 
**(*) denotes rejection at the 5%(10%) level. Critical values for all but the last column 
are from Tiffin and Balcombe [172]. The critical values for the last column is from Zivot 

and Andrews [182, Table 4] 

T.. 'kl,, - -r. 
A- Unit Print. Tp. qt. q- nifFprp-ne-, -. q 

tj t2 F1 F2 F3 F4 F5 tj 

InP -2.88 -3.55 12.07* 9.57 13.38** 9.17 11.10 -10.66** 
InW -4.21 -4.81** 12.02 14.15** 15.34** 18.26** 12.53* -9.95** 
InIL -4.15 -4.74** 11.63 13.83** 15.25** 17.81** 12.50* -10.59** 

Crit(5) 1 1 
-5.82 

1 
-4.18 13.37 13.37 13.37 13.37 13.37 - F--5. O -5.08 

j 

Crit(10) 1 1 
-5.04 

J 
_-3.91 

12.06 12.06 12.06 12.06 12.06 1 -4.82 
:] 

**(*) denotes rejection at the 5%(10%) level. Untical values for all but the last column 

are from Tiffin and Balcombe [172]. The critical values for the last column is from Zivot 

and Andrews [182, Table 4] 
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in the behaviour of the milk quota price at these points. Furthermore, in spite of 

the more recent changes in policy (Colman [391), these are not selected as points 

of potential structural breaks. 

In suminary, in the case at hand the recursive tests did not contribute very 

much information over and above the standard tests. This would be expected 

in circumstances where there are not any significant structural changes in the 

behaviour of the data. There is not unequivocal evidence against unit roots at all 

seasonal frequencies in the retail price index. If this was due to a changing de- 

terministic seasonal pattern, then it would have been expected that the recursive 

tests would have accumulated more evidence against seasonal roots. However, 

this was not the case. Nevertheless, there is still considerable evidence against 

seasonal roots, at most frequencies in all the series. The next sections will proceed 

under the assumption that the data are integrated of order one. 

5.3.5. Specification of the Vector Autoregression 

In the first instance, an unrestricted vector autoregression will be estimated. 
U) - Restrictions will then be made which give the most parsimonious and coherent 

description of the data. The General specification of the VAR is 

Ap k Wt-i e* Wt + bt + A* it 
z 0 Pt-i e* Pt A2, t 

) 

2t 

or more succinctly as (5.12) 

Ap k 
+ Aýzt*-j + e* Zt* = 14* + bt t 

(0) 

where: y* are the seasonal intercepts (IL* (al, ia2, i)f si, t); and, e*, t e*, t are tt12 

serially uncorrelated errors. The term btAp is defined in Equation 5.11. 
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By defining the matrix 

s. t 

i=1 
-1 

1 
(01) 

(Jzt*)' = (wt - pt, pt) 
gives the reparameterised model 

Al't Ap k 
Zt + 6t + Aizt-i + et, 

/12, t 

)(0) 

where Ai = JAi*J-1- 

A further rearrangement of the equation above gives 

Azt = )Ut + 6t ( Ap 
+ rozt-i + 

0) 

k-1 

IriAzt-i + et 
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(5.13) 

(5.14) 

(5.15) 

5.3.5.1. Tests for Cointegration 

A test for the rank of the matrix IFO is conducted the range of procedures discussed 

in Section 4.8, and the results are presented in Table 5.5. Seasonal dummy 

variables were included, along with the term 6t. 

The lag length for the selection of the Z, statistics was selected automatically, 

and the Gregory and Hansen (G-H) tests selected the appropriate lag lengths 

through the recursive elimination insignificant lags. 

For this purpose, the VAR was estimated for k=1,2 ..... 13. The Akaike (AIC), 

Schwarz (SIC), and Hannan-Quinn (HQ) (see Judge et al. [95, p. 686-71) criteria 

were calculated for each value of k. In addition, the individual parameters were 

tested for their significance. The AIC and HQ criteria chose k=2, while the SIC 

marginally preferred k=1. All the criteria increased (ah-nost) monotonically for 

k>3. However, some of the individual coefficients in A* were significant. The 3 
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aim at this stage is to choose an upper limit of k, with a view to making further 

restrictions later on. The information criteria will tend to omit a lag when only 

one of the parameters within the matrix is marginally significant. Choosing the 

greatest value of k is therefore appropriate, and consequently k=3 will be chosen, 

with a view to further 'testing down' later on in the chapter. 

An examination the results in Table 5.5 indicates the hypothesis that Rank(ro) 

=0 cannot be rejected at the 5% level of significance according to all of the tests. 

Considering all the evidence, it is concluded that there is not sufficient evidence 

in favour of cointegrating relationships (i. e. neither the real price of quota is sta- 

tionary, nor the retail price index, nor any other linear combination of the prices 

are stationary). The failure to reject non-cointegration will result in the impo- 

sition of the restriction that there are no cointegrating relationships (]Po = 0). 

Hence, 

Azt = /it + bt 
Ap 

(0 

This equation may be expressed as 

2 

riAz, 
-i + e,. 

Azt = /, tt + 6t 
Ap 

+ OAZt_ 1+ 4ýA2 zt_ I+ et 

(0) 

where A' = (I - 
L)2. 

(5.16) 

(5.17) 

It is noted that for the data being examined in this chapter, there is no unanimity 

for the dates chosen as break points by the recursive tests. However, this is 

consistent with the fact that none of the recursive tests reject no cointegration. 

The recursive tests have nevertheless been useful in giving the author confidence 

in claiming that there is no cointegrating relationship between the variables. That 

all the tests are consistent in their conclusions, just as in the case of studied in 

the Chapter 4, is encouraging. 
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Table 5.5: Cointegation Tests 
11 Statistic 1 1 Value I Crit Val 5% 1 Break Date 
1 1. Standard Z,,, -16.77 -21.5 N/A 

2. Inf Z c, -16-77 -24.11 Jan 1995 
3. Max Eig St (Johansen) 7.5 15.197 N/A 
4. Recursive Max Eig St (Johansen) 20.26 Nov 1992 
5. M-en Shift (G-H, Model 2) 4.05 -4.99 Aug 1991 
6. Regime Shift (G-H, Model 3) 4.51 -4.95 Jan 1992 
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Note: that the Critical Values for 1. and 3. are from Hamilton [74, Table B. 8 and 
B. 10.1,2. is given in McDermott [118], Table 4.1, and 5. and 6. are given in Gregory 

and Hansen [70] Table 1. 

Table 5.6: Parameter Stability Tests 
11 I[Standard I Modified I Crit(5ý7o) 

SupF 23.7 31.53 15.2 
MeanF 5.56 7.38 6.22 

Finally, the tests for structural stability, outlined in Chapter 3, are presented 

in Table 5.6. Both the standard and modified versions of the SupF and MeanF 

tests reject structural stability. Once again, the modified version rejects structural 

stability at a higher level of confidence. The SupF-statistic choose January 1988 

as the point of the structural break. 

5.3.5.2. Parameter Estimates 

All seasonal durmny variables were initially included. However, all seasonal 

dummy variables, excluding April, were jointly insignificant in the real quota 

price equation1l. Therefore, the seasonal dummies were eliminated from the real 
1 'The test for the removal of the 10 seasonal dummies from the real quota price equation gave 

[ Prob(F)=. 591 ]- 
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quota price equation except for the April month. Nearly all of the seasonal dum- 

mies were significant in the inflation equation, thus none were eliminated. 12 

The unrestricted estimates of the VAR are presented below. The numbers 

in parentheses are the standard errors of the coefficients. 13 If the parameter is 

significant at the 10% or 5% level it will be superscripted by star or double star 

respectively. 

-. 175 -6.88** 
(. 125) (2.26) 

. 0019 . 5745** 

(. 0041) (. 131) 

. 1872* 3.37* 

(. 099) (1.86) 

-. 0009 -. 243** 

(. 0027) (. 103) 

5.3.5.3. ARCH Tests 

The residuals from the VAR were tested for ARCH. The order of the tests were set 

to one and twelve. The hypothesis of no ARCH was accepted for both equations 

at both lag lengths. 

HO : No ARCH in real price of quota 

Prob(LMI) =. 659, Prob(LM12) =. 252 

HO : No ARCH in retail price index 

"The test for the removal of the 10 seasonal dummies from the inflation equation gave 
Prob(F)= . 001 ]. 

13 The errors were heteroscedastic. Therefore, the standard errors are those using the Whites' 

heteroscedastic consistent estimates. 
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Prob(LM, ) =. 641, Prob(LM12) =. 804 

5.3.5.4. Testing Restrictions 

In addition, the following tests were conducted: 14 

1.1 Non- Causality from A (wt - pt) to Apt 

H,, : 021 ý (D21 7-- 

Prob(F) = Prob(. 430) = . 651 

1.2. Non-Dependence of inflation on its own past 

H,, : 022 ýD22 : -- 

Prob(F) = Prob(14.85) = . 000 
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The Efficiency Hypothesis (contingent on the seasonality restrictions already 

made) has two nested hypotheses: Granger-Non- Causality from Apt to A (wt - pt) 

as a nested hypothesis; and the lack of dependence of A (wt - pt) on its own past. 

2.1. Efficiency 

Ho: 01, = ýýIj = 012 = 4)12 = 

Pr ob(F) = Pr ob(3.052) = . 020 

2.2. Non-Cau-sality from Apt to A (wt - pt) 

Ho : 612 :: -:: ýD12 

Prob(F) =: Prob(4.86) =. 017 

2.3. Non-Dependence of A (wt - pt) on its own past 
"While only the F-tests are presented below, the LM and LR tests did not lead to substan- 

tially different results. 
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Ho: 011 = dbil = 

Prob(F) = Prob(1.63) = . 199 

2.4 tj is negligible in each year 
(t 

I-=0 
Ho: A, = A2 

- Ag 

Prob(F) = Prob(I. 472) = . 169 

5.3.5.5. Summary of the Results 
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The hypothesis that there is no causality running from inflation to quota price is 

rejected. This implies a failure of the efficiency hypothesis. However, this is not 

because of a dependence of the real price of quota on its own past, but due to the 

fact that inflation appears to Granger-cause the real price of quota. As expected, 

there is no evidence of causality flowing from quota price to inflation. It is noted 

that inflation does appear to have some dependence on its own past, as well as 

significant seasonality. The dununy variables which allow for the ability of agents 

to predict penalties over and above the mean penalty are jointly insignificant. 

However, the seasonal dummy variable which allows for a fall in the price each 

April is highly significant. 

5.4. Inefficiency and Naive Inflationary Expectations 

5.4.1. Modelling Naive Expectations 

The aim of this section is to propose a plausible explanation for the failure of serni- 

strong efficiency. The failure of efficiency comes through a dependence of the price 

of quota on past alterations in price. This could be due to the fact that there 

are significant transactions costs, or predictable variations in returns to other 

assets. However, if agents failed to forecast alterations in inflation on a monthly 



Milk Quota Market Efficiency 125 

basis, yet were influenced by conditions which were correlated to inflationary 

shocks, this may also provide a source of inefficiency. Therefore, the aim of the 

subsequent theory is to make the following proposal: The dependence of the real 

quota price is solely due to a failure to forecast inflation using past information. 

The advantage of this explanation is that it implies parametric restrictions and is 

therefore testable. However, it is not claimed that there are no other explanations 

which are consistent with the data. The aim, therefore, is to outline a behavioural 

model in which the agents are profit maxirnisers, but which do not model the 

inflation rate. 

The assumptions of the model are: 

1. The market is subjectively efficient in the sense that agents do not knowingly 

ignore information; 

2. All other markets are efficient, and treated as efficient by agents in the milk 

quota market; 

3. Inflationary expectations are naive, but agents are able to observe the in- 

formation set Qt at time t; and, 

4. All shocks to the price of quota that are not correlated to unanticipated 

inflation are independent of the information set Qt-j. 

Together these assumptions make an unambiguous claim. It is solely the 

failure to predict inflation which is responsible for the failure of efficiency. The 

model is outlined more formally below. 

Using the operator Et-, to denote the subjective expectations of agents at 

time t-1. Therefore a 'subjectively efficient' market (assumption 1) is defined as 

Et-lirt =- 0. (5.18) 
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It follows from the definition of the return to milk quota that 

Et-jAwt = Et-jApt + Et-l-rt - btEt-ift. 

Therefore, given the assumptions in the first part of the chapter 

Awt = Et- I Apt + Et- 1 Tt - 6t Et- I It + 77t, 

where (5.20) 

Et-, i7t = 0. 

Inflation can be decomposed in to its anticipated and unanticipated components. 

The unanticipated component tt is defined as 

I't = Apt _ Et_, Apt = A2pt _ Et_lA2pt. (5.21) 

Therefore, 

Awt - Apt = Et-l-rt - 6tEt-ift + 77t - tt. (5.22) 

The term 77t is, by definition, the difference between the anticipated change in the 

price of quota, and the actual change. The macroeconomic rational expectations 

literature gives a central role to unanticipated changes in inflation in influencing 

the price of assets. Rational expectations, monetary business cycle models (Lu- 

cas [110]) ostensibly generate cycles through denying agents relevant information 

concerning price changes. Within this framework, agents confuse real and mone- 

tary shocks and alter their asset portfolio and consumption decisions accordingly. 

It would be consistent with this approach to treat unanticipated shocks to the 

milk quota price (71t) as being correlated to unanticipated inflationary shocks. 

Therefore 77t can be decomposed as 

77t = (i + P) tt + 19t, 

where (5.23) 

E(t9/t) = 0. 
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This implies that 

Awt - Apt = Et- 1 -rt - btEt- I It + ptt + t9t. (5.24) 

Assumption 2, that expectations of returns in other markets are constant, requires 

that 

Et-l-rt = -r. (5.25) 

Assumption 3, that inflationary expectations are naive, requires that 

Et-I Apt = Apt-,, 

and (5.26) 

I't = A2 Pt. 

According to these assumptions, the model 

t+ PA2pt + týt Awt - Apt = -r - 6tEt- 1!, (5.27) 

is obtained. 

By construction, the error t9t is independent of A'pt and Et-jt9t = 0. How- 

ever, the assumptions above do not imply that this error is independent of past 

information. However, assumption 4 requires that 

E(i9t19t-1) = 0. (5.28) 

The assertion of the model is now clear. When the real price of quota is condi- 

tioned on A2 pt, there should be no further predictable components (except for 

the April Month). 

Imposing restriction 1.1,621 :: ý 4)21 0 (which could not be rejected), 

A2 Pt : -- /-t2, t + (622 - 1) APt-1 + (D22 A2pt_l + e2, t - 
(5.29) 
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Introducing this to Equation 5.27, and substituting in the dummies Ap 
i S4, t to 

account for btEt-I (it - f) I 

A2pt_l + V* Awt - Apt = -r + btAp + a4S4, t + PIL2, t +P (622 
- 1) APt-1 + P1ý22 tI 

where 

Vt : --- Pe2, t + 19t- 
(5.30) 

Since restriction 2.3 (811 = (Pil = 0) cannot be rejected, this restriction may be 

imposed on the original autoregression, 

AWt - APt = JUI, t + 6tAp + E)12APt-1 +'ýD12 A2pt_ 1+ el, t. (5.31) 

Both v* and el, t are independent of the variables on the right hand side of each t 

equation. Given that there can only be one parameterisation with errors indepen- 

dent of the explanatory variables, the last two equations are held to be equivalent. 

Th. is leads to the restrictions that 

(19 22 -1)ý: () 12 1 

and (5.32) 

P4ý22 4)12- 

By eliminating p and solving, the restrictions are: 
fa rJ 12 4h2 

(5.33) 
622 -1 4)22 

This last equation can be tested as a restriction on the VAR. However, even if 

it holds there is an apparent problem which follows from the fact that Equation 

5.30, implies seasonal behaviour in Awt - Apt, since it has already been estab- 

lished that the inflation equation has significant seasonal dununies. On the other 

hand, the real quota price had no significant seasonal component. There is no 

real contradiction since if the additional noise i9t has a substantial variance, the 
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resulting standard errors of the estimates of the seasonal components will expand 

accordingly and will appear insignificant. 

5.4.2. Testing Naive Expectations 

The proposed explanation has a testable core. A number of avenues are explored 

in the next sections. In the following section the results are presented where the 

component 6tAp has been eliminated from the regressions. These components 

were jointly insignificant (see hypothesis 2.4). Furthermore, the results presented 
from here onwards are approximately invariant to the inclusion of these terms. 

5.4.2.1. Systems Estimation 

As established in the previous section (Section 5.3.5), if the source of inefficiency 

are naive expectations, the hypothesis in Equation 5.33, in conjunction with the 

other hypotheses, must hold. However, it is unclear whether the restrictions 

1911 == 4)'11 == 021 == 4)21 == 0 should be imposed first, and then the additional 

hypothesis in Equation 5.33 tested as a further restriction. The advantages of 

the second approach is that it will give a more powerful test, providing the initial 

restriction is valid. On the other hand it may induce pretest bias if it is incorrect. 

This problem is also evident in the sections examining the non-nested tests of the 

competing models. The tests presented in this subsection look at both approaches. 

Overall, they do not lead to substantially different conclusions. 

3.1.1 H, : Oll =: (Pll :: -- 621 ý 4ý21 =0 and '912 - was tested 022 -1 4ý22 

using the Likelihood Ratio test with the result that: Pr ob(X2 (5)) 

Pr ob(6.97) = . 222. 

If the first part of the hypothesis is imposed, then Equation 5.33 is 

tested then: 
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3.1.2 HO Q12 k12, given: 611 4)11 == 621 ý 4)21 = 0. The 022 -1 4ý22 

2 Likelihood Ratio test gives the result Pr ob(X(1)) = Pr ob(3.12) = 0.08. 

The hypothesis cannot be rejected at the 5% level of significance. However, 

there is stiR moderate evidence against the hypothesis. There are other ways to 

test this hypothesis and these are conduced in the subsequent sections. 

5.4.2.2. Encompassing 

Contemporaneous changes in inflation can be introduced as an explanatory vari- 

able to obtain the Autoregressive Distributed Lag model (Hendry et al. [811) 

Model A 

A (Wt - Pt) ": CeO + Ce4-S4, t + pýý12pt + ýyj Apt_, 

+72 A2pt_ I +Y3A (Wt-I - Pt-1) + (5.34) 

N ýýk2 (Wt_ I_ pt_ 1) + Ut * 

This model nests two models as a special case: 

Model B 

A (Wt - Pt) : -- aO + a4. S4, t + PA2pt + Ut; (5.35) 

and, 

Model C 

A (wt - pt) ý ao + a4-S4, t + 71APt- I 

+72 A2pt_ I+ 73A (Wt- 1- Pt- 1) + (5.36) 

74 A2 (Wt- i- Pt- 1) + ut. 

Model B is derived from Equation 5.27. Model C is a restatement of the 

model estimated as part of the VAR, in the previous section. Neither axe nested 
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within each other. If the naive inflationary expectation is a viable hypothesis 

then Model B should encompass Model C. " 

The encompassing test of Model B over C, is a test of the hypothesis that 

'71 =='Y2 ý-- ýf3 = 74 = 0, in Model A. The results axe: 

3.2.1 

Ho : -yj : -: ý 7Y2 : -- 73 - '74 ý 

Prob(F) = Prob(1.55) = . 192; 

and, 

3.2.2 

Ho : 71 :::::: 7Y2 = 0, given: 73 = 74 = 

Prob(F) = Prob(1.30) =. 275. 

Therefore, the restriction cannot be rejected at a low level of sigi. Lificance, and 

the rationalisation presented in this section is consistent with empirical evidence. 

5.4.2.3. Non-Nested Tests 

While the hypothesis 3.1 cannot be rejected, the hypothesis that p=0 cannot be 

rejected when hypothesis 3.1 is not imposed on Model A. 16 Therefore, further non- 

nested tests of Model C versus Model B are conducted. (Davidson and McKinnon 

[45] [44]). The non-nested tests are presented in Table 5.7.17 The results are mixed. 
15 Using the encompassing principle as stated in Mizon and Richard (1986)[123] 

. 
16 Formally this could be viewed as a test for the encompassing of the model in Model C 

(Equation 5.36) over Model B (Equation 5.35). 
17 For details of these tests see the Microfit Handbook [145] which has other references. in 

addition, see Davidson and MacKinnon [45] who give a discussion about the potential advantages 

and pitfalls of the JA and J tests. 
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Table 5.7: Non Nested Tests 
Terst C over B ý ýoverC 

N-Test . 168 0.001 
NT-Test 

. 287 
. 210 

W Test . 294 
. 220 

J-Test 
. 266 . 015 

JA-Test 
. 266 . 356 

AIC Favours B 
sic Favours B 
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Two of the tests (the N and J tests) support the dorninance of Model C (the 

distributed lag model) over Model B. However, the Information Criteria tests 

(AIC, SIC) support Model B over Model C. Unfortunately, there is no definitive 

evidence either way. Nevertheless, the hypothesis that the source of information 

inefficiency is a failure to forecast inflation stands as a viable hypothesis. 

Interestingly, when the condition that 'T3 =: 'Y4 =0 is imposed on Model C, the 

non-nested results (not presented here) are even more favourable towards Model 

B. In fact, every criteria supports B over C with 73 : --:: 0 imposed. 

5.4.2.4. Overidentification 

It has been argued that it is the failure to recognize the dependence of inflation 

on its past that is the source of the inefficiency. If this is true, then instrumental 

variable (IV) estimation of Model B, using the lagged variables as instruments 

(i. e. all the explanatory variables used in Model C), should yield results where 

overidentification is not rejected. This follows from the argument that the corre- 

lation. arises only through the failure to forecast inflation variations. 

test for overidentification, using all 4 lagged variables as instruments (and 
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Table 5.8: Preferred Model 
Variable 1 1 Coef I Se Pr(t) 
Intercept . 030 . 0093 . 

001 
Seasonal -. 205 . 0378 . 000 
A2 Pt 4.33 1.64 . 009 
Rq 9A . 

2.26 

F 15.98 Pr(F)=. 00 
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the dummy and intercept) gave the chi-square statistic of Prob (X3 df) = Prob (5.2 10) = 

0.158 (see Davidson and McKinnon [45, p236]). Using only Apt-, and A2 pt- 1) 

gave Prob(X1 df) = Prob(1.303) = 0.253. The hypothesis that the lagged variables 

were valid instruments is not rejected. In balance, it is reasonable to proceed with 

the most parsimonious description of the data (Model B). 

5.4.2.5. Preferred Model 

The results presented in Tables 5.8 and 5.9 are for the regression over the whole 

data set except for the last six months which are reserved for testing for predictive 

stability and parametric stability. Table 5.8 presents the coefficients and the rele- 

vant test statistics. Table 5.9 presents the diagnostic statistics. 18 The explanatory 

power of the model is low, but significant. With a coefficient of determination 

of only 0.22, there would appear to be considerable sources of variation in real 

quota prices that are not explained by inflation. The model generally does well 

according to the diagnostic tests in Table 5.9, with the prominent exception of 

the non-normality of the error. 19 With sample size of over 100, the inferential 

procedures may remain approximatelY correct. 

18 Refer to the Micmfit Handbook[145] which gives an overview of the tests. 
"The issue of the distribution of price changes has attracted considerable attention. Fama 

(581 and Bera-Higgins [15] are starting references. The issue is not pursued here. 
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Table 5.9: Diagnostic Tests 
Null Hypothesis Pr(LM) I Pr(F) 

Serial Independence 
. 702 . 707 

Functional Form 
. 159 . 165 

Normality 
. 000 

. 000 
Homoscedasticity 

. 133 . 136 
Predictive Stablity 

. 146 . 158 
Parametric Stability 

. 120 . 126 
No ARCH 

. 168 . 179 

5.4.2.6. Forecasting 

134 

In this section the forecasting performance for each of the models will be assessed. 

In each case the model was estimated, leaving twelve periods at the end of the 

sample. The static forecasts were computed for the last 12 periods in the data 

set. Four parsimonious specifications were used: 

Model I (Ml)-A (wt - pt) = ao; 

Model 2 (M2)-A (wt - pt) = CtO + a4-S4, t; 
Model 3 (M3)- 41-ý (Wt - Pt) 7--- aO + Ce4-S4, t + pA2pt + ut; and, 

Model 4 (M4)-A (wt - pt) C90 + Cý4-S4, t + IfJAPt-l + 72 A2pt_ 1. 

In each case, the Sum of Squared Forecast Errors (SSE), Root Mean Squared 

Error (RMSE) and Sum of the Absolute Errors (SAE) were calculated with 

the results presented in Table 5.10. The model which performs the best out of 

the group has two stars next to it and the model which is the second best has 

one star attached. It can be observed that both the models which contain past 

information, outperform the simple models, which do not use past information. 

Arguably, Model M3 has the best performance which is consistent with the in- 
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Table 5.10: Forecast Results 
Test SSE RSME I SAE 

MI) . 0251 . 1255 . 1586 
M2) . 0231 . 1197 . 1523 
M3) . 0216* . 1148** . 1454** 
M4) . 0213** . 1170* . 1460* 

sample tests. 
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There remains a final qualification about the results. As noted in the intro- 

duction, the nin market has undergone considerable structural change in the 

latter part of the sample. While all the models above pass a Chow test and other 

tests of parametric stability such as the CUSUM and CUSUMSQ tests (Brown 

et al. [231), they all fail the predictive failure test once the forecasting range is 

increased from 6 to 12 periods. 20 This casts doubt on the parametric stability 

of any model which has been estimated using data before the transition to a new 

regime. 

5.5. Summary 

This chapter has presented tentative evidence that agents in the quota market are 

not using information efficiently. It was found that the general price level and the 

retail price index were not cointegrated. All the recursive tests were consistent in 

failing to reject the hypothesis of no cointegration. Nevertheless, there is strong 

evidence that there was Granger-causality flowing from the overall price level to 

the ma quota price. 

20 Once again refer to the MicrOfit Handbook [145, p186]. Note that the forecast stability tests 

reported in Table Six left only 6 periods at the end to the sample for forecasting. 
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One plausible explanation, which is consistent with the data, is that this is 

due to the failure of agents to use all relevant information in forecasting changes 

in the inflation rate. However, the model presented in this chapter argues that 

the data is consistent with the notion that agents attempt to maximise profits, 

and are cognizant of the fact that period to period changes in the real price 

of quota are an important part of its return. One obvious way to reduce the 

existing systematic price movement of quota is to allow other agents, presently 

unable to buy and sell milk quota, to enter the market (i. e. speculators). The 

greatest problem with this proposal would seem to be that if large players were 

to speculate in a relatively small market, they may be able to extract monopoly 

profits. The dangers of such a policy may be greater than the potential benefits. 



Milk Quota Market Efficiency 

Z-A Plots. 

Figure 5.2: Z-A Plot for Price Level 
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Figure 5.3: Z-A Plot for Quota Price 
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Figure 5.4: Z-A Plot for Real Quota Price 
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Figure 5.5: Z-A Plot for Differenced Price Level 
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Figure 5.6: Z-A Plot for Differenced Quota Price 

Zivot and Andrews Plot 

V "V 
VI 

1987 1988 1989 1990 1991 1992 1993 199A 1995 

Dole 

Figure 5.7: Z-A Plot for Differenced Real Quota Price 
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6. THEAPPLICATION OF THEFully Modified 

PROCEDURE TO THEESTIMATION OF THEAITnost 

Ideal DEMAND SYSTEM 

6.1. Introduction 

The Almost Ideal (Al) demand system developed by Deaton and Muellbauer [49] 

has been applied widely since its development in 1980 (see [62] [34] [120] and 
[171). It shares a common approach with many 'duality based' models. ' Within 

the duality approach, demand and supply equations are derived from the initial 

specification of indirect cost, expenditure, revenue, profit, or utility functions. 

The desirable attributes of these models are that they are amenable to systems of 

equations, and providing the specification of the indirect function is sufficiently 

flexible 2, these models could mimic the behaviour of more general equations. It 

is sometimes claimed that these models represent second order approximations of 

arbitrary functions [49, p. 315]. However, the ability of these models to approxi- 

mate the true functional form has been challenged [178]. It has been corm-nonly 
'For the basic theory behind duality based consumer demand models, see the book by Cornes 

[40]. Chambers [31], Antle and Capalbo [5], and Puss and McFadden [631 deal with analogous 

models based on the theory of the firm. 
2 For detailed definitions of a locally flexible functional form refer to [121. For extensions of 

the theory, see Caves and Christenson [29], and Chalfant [30] as starting references. 
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argued that not only can these models approximate the conditions which are im- 

plied by static economic theory, but that they may be used to test these theories 

also. This possibility arises in models where symmetry, homogeneity and curva- 

ture restrictions exist as restrictions on more general models (see Equations 6.6 

to 6.9 below). 

Since the work of Stone [1691, the debate in this area has centered around 

which models have superior performance from both practical and theoretical 

viewpoints. Early competitors to the AI demand system were the Rotterdam, 

Indirect Addilog, Linear Expenditure, and Linear in Logs models (see Thomas 

[170, Ch. 91, for an outline of these models). As far as the models themselves 

were concerned, special attention was paid to two principal issues. First, whether 

restrictions were automatically imposed, or alternatively could be framed as addi- 

tional restrictions, and second, to whether a function specified in micro form (the 

function specifying the behaviour of an individual consumer) could be aggregated 

to give a macro form which represented the utility (or expenditure function) for 

all consumers. Deaton and Muellbauer argued that the AI demand system had 

greater flexibility than its competitors (they directly compared the AI formula- 

tion to the Rotterdam model, see [49, Section E. ]), while allowing aggregation 

over consumers. 

Notably, very little attention was paid to other important issues. Namely, 

identification (i. e. simultaneous equation bias) and dynamics. Until quite re- 

cently the debate has tended to centre around alternative functional forms (e. g. 

Chalfant [30]), and the performance of linear approximations of the Al system 

as opposed to the full non-linear specification [25]. 

More recently, time series issues have been considered. Anderson and Blundell 

[21 raised the problem of dynamics, though they do not specifically discuss coin- 
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tegration. Ogaki and Park [1331 applied the canonical cointegration procedure to 

systems estimation of preference parameters. Serena [1621 concentrates on retest- 

ing the homogeneity postulate within a cointegration framework. Pesaran and 

Shin [146] estimate the linear approximation of the AI system using the Johansen 

procedure to test and impose homogeneity and symmetry restrictions. Cointe- 

gration analysis was used by Clark and Youngblood [38] in the related area of 

input demand analysis, 

In general, the results not only for the Al system, but also for the more general 

class of 'duality based models' have tended to reject restrictions which are, in a 

sense, intrinsic to their construction [49] [120] [13]. However, it was also noted 

that the imposition of restrictions led to autocorrelation in the residuals [17] [49]. 

As has been recognised [1621, the estimation of static models and conventional 

inference (t , F, Wald, LR, LM tests) using ordinary least squares are biased. This 

bias may have contributed to the rejection of these hypotheses. However, studies 

which have applied recent advances in the theory of estimation and inference [162] 

[1461 [81 have produced mixed evidence in testing consumer theory. 

This chapter will apply the Fully Modified Procedure [151] to estimate the 

linearised Almost Ideal demand system, using the Bulgarian consumption data 

from after Bulgaria's transition towards a less highly regulated economy. Rela- 

tive prices, incomes and consumption patterns have in Bulgaria have undergone 

substantial changes during the post-transition period, that are unlikely to be re- 

versible in the short run [24]. Accordingly, it would be unsurprising to find price 

and quantity data that was non-stationaxy, or with behaviour that appeared to 

be periodically of unstable. 

Work in estimating the Almost Ideal demand system for food items has been 

previously conducted by Buckwell et al. [24, Ch. 7], Davis [47] and Balcombe and 
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Davis [8]. The work of Buckwell et al. and Davis, estimated the Almost Ideal 

demand system using Rffl Information Maximum Likelihood (FIML). The latter 

applied the CCR [138] procedure to the same data set. However, these studies 

used pre-transition data, in conjunction with post-transition data. The data 

set used here, is over the post-transition period only. However, in an economy 

under such rapid change as Bulgaria, there remains the possibility of substantial 

structural change in consumption patterns that are not due to factors such as 

prices or incomes (such as the evolution of tastes, available products, changes 

in quality, market structure and government intervention). Accordingly, the full 

range of tests for structural change discussed in Chapters 3 and 4 will be employed 

in the estimation of the Almost Ideal demand system. Whereas in the previous 

chapters these techniques were applied to the case of bivariate regressions, here 

they will be extended to entire systems estimation. 

While the price and income elasticities for food are estimated in this chapter 
(Section 6.5.6), of equal interest is the difference between the results given by 

Seemingly Unmlated Regression (SUR) and FM methods. As mentioned pre- 

viously, earlier work in this area has tended to reject restrictions such as ho- 

mogeneity and symmetry. However, the FM method does not assume serially 

uncorrelated errors, which are strictly exogenous to the regressors. Accordingly, 

these assumptions are retested using modified tests. It is found that these meth- 

ods do indeed lead to different conclusions, with the SUR method rejecting the 

axioms of rational consumer preference where the FM does not. 
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6.2. The Almost Ideal Demand System. 

6.2.1. The Expenditure Function 

The AI system of Deaton and Muellbauer [49] [48] is presented below. 

p= In(e(u, P)) = (I - u) In a(p) +u In, 8(p), 

where: 

e= total expenditure by households; 

u= the level of utility (between zero and one); 

p= the mxI vector of natural log prices of goods; 

In a (p) is a price index defined as 

In a(p) = a, + a, p +I p'Ap; (6.2) 
2 

and, In O(p) is defined as 

JOk In, 3(p) = In ce(p) +, 30 fl pk (6.3) 
k 

6.2.2. The Demand Equations 

The use of Shephard's Lem-ma (see Section 6.7.2.3) gives 

o9 ln(e(u, p)) 
-s= the vector of expenditure shaxes. (6.4) 

(9P mXl 
Solving the model becomes (adding time subscripts, an error U2, t, and set of other 
deterministic components dt such as time trends and seasonal dummies) 

st =a+ Cdt+ Apt +ý3rt+U2, t 

where (6.5) 

rt = In(et) - In a(p)t. 
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6.2.3. Restrictions 
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The conditions on the parameters are (where 1,,, denotes amx1 vector of ones): 

11 a=1; (6.6) 
m 

1/ A =- 0; A'= A; (6.7) 

1/ e=0; (6.8) 

and, 

i/ c=0. (6.9) 

There are some more general curvature restrictions, which cannot be charac- 

terised as linear restrictions (see Lau [103]), yet may be imposed using non-linear 

restrictions. However, these will not be considered here. 

6.2.4. Elasticities 

The Elasticities are derived in Section 6.7.4 as (defining St =f sij Itwhere sij = si 

and sij =0 for all i=j, and I,,, as the identity matrix of dimension m): 

9 the uncompensated elasticity 

(A -+ p'A)) - 1,,; t 

o the expenditure elasticity 

77t --ý:: 
st Iß + ir, 

1 

and, 

9 the compensated elasticity 

(6.10) 

(6.11) 

I ýC, t - ýU, t + 77tst. (6.12) 
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6.2.5. Stone's Index 
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It is evident from Equations 6.2 and 6.5, that the AI model is non-linear in its 

parameters. In their original paper, Deaton and Muellbauer also introduced a 

linearised version of the model which replaced the price index in Equation 6.2 

with 'Stone's Index'. Stone's index is defined as 

Ina* (p) = p'tst. 

6.3. Issues in Estimation and Inference 

Relabelling the vectors as: 

yt = st; and, 
lxm 
X/ =- (p', r*, 1, d') tttt 
lxk 
where r rt = In (, ot) - In a* (p) t. t 
The model may be expressed in the more familiar notation as 

YI = Xle+el (6.14) ttt 

where 

etet E (A,, 8, a, C), and E( ') = qf. 
kxm 

6.3.1. Seemingly Unrelated Regression 

Estimation of E) for a given IF, subject to a set of restrictions 

R. Vee (8) = i-, 

can be done by using the method of Seemingly Unrelated Regressions (SUR) [1811. 

Defining the matrices X' = (XT 
i 27T- 11 ...... xi) and Yf = (YT, YT-1) ..... YI) 

M-I 
XX, q/ 

(IF 0 (X'X) (6.15) 
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Mxy,, p = (xF-'OX)'Vec(Y); 

LR, %P M-1 R'(R(M,, -',, )R')-l; 
xx, %F) 

QR, q, '-- (lrnxk - LR, qR) ; 

and, 

VeC QR, q/Mx-xl, qMxy, qi + (LR, 
ql) 

In the case where T is unknown, then it can be estimated as 
T 

of 1 (6.16) 
t=l 

R, I Xt) 
(Yt 

- XtOR, I) 

(although sometimes OR, I, is replaced by E)0,1, noting that Qo, qf : -: -: Imxk 

Under the assumption that the errors are independently and identically dis- 

tributed, then the variance covariance, matrix for the parameters is 

I Cov (VeC QR, q'Mx-x, xPQIR, ql* (6.17) 

The Wald statistic for the set of restrictions is (RVec (OR, 
41 

)- T) 
I, 

where 

W RVec(OR,, p)--r)'(RM-1, ý. R')-I(RVeC(OR, ql)--r)(6.18) xx, 
and 

apprOx 2 W r"' XRank(R) (for a set of valid restrictions). 

6.3.2. Fully Modified Estimation 

In Sections 3.2.2,3.2.3 and 3.3.1 of Chapter 3, the definitions of the long-run 

matrices and the adjustments required by the Fully Modified (FM) procedure are 

outlined. However, in that section the imposition of restrictions was not discussed. 

The long-run matrices for restricted FM estimation would be calculated from the 
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vector 

u AINX* 

(Lhe 

stochastic part of AX 
*v 

U2, R 
grrors from Restricted SUR Estimation 

(6.19) 

The matrices Q and F, (defined in Equation 3.9) are partitioned in accordance 

with the column dimensions of AX* and 'CJ2, R in the manner outlined in Section 

3.2.3. The restricted FM estimator 
(6R) is calculated as: 

m-1 = 
im 0 (xfx) - ') 1 xx, i 

mxy� (ImoX)'Vee(ýr); 

LR, ýP M-1 R(R(M-1, j, 
)R')-1; ( 

xx, %P) xx, 
QR, %P (lmxk - LR�pR); 

and, 

+ LR, I-r- Vec ( OR) QR, IMX-X, i 

(Mxy, 

j + TVec 
(0 

(6.20) 

Where (noting that tj is the residual of AX* after a regression on a set of 

deterministic components) 

y (6.21) ( ii, Y) te, 

where W= 
41- 1 C2,12 

and If I (along with their methods of calciflation) are given in Section 3.3.1. The 

modified Wald test becomes: 

Wm = RVec 6o) - 7)' 
(RM- 11 R') RVec (6o) 

- -r) (6.22) 
XXA22. 

! C222.1 
= 

f222 4221 f2-1! C212 
- and, 

Wm apprOx 2 
rllý XRank(R) (for a set of valid restrictions). 
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The long-run covariance, matrices used in the Wald test are calculated using 

the unrestricted errors from SUR estimation (i. e. replace the restricted with 

unrestricted errors in Equation 6.19). The restricted errors from SUR estimation 

are used to compute the long-run variance estimates used to adjust the restricted 
FM estimator and to compute the standard errors for the restricted FM esti- 

mates. 

6.4. The Data 

The data used in this study are taken from the National Statistics Institute, Bul- 

garia, Sofia. The data are from January 1991 to April 1995. The data were 

initially collected separately for the goods Bread, Milk Cheese, Meat, Other Food, 

and Non-food (including services). Initially it was hoped that the model could be 

estimated at this level of disaggregation (i. e. a six Equation system). However, 

attempts to estimate this system using the Fully Modified procedure were unsuc- 

cessful as the estimated long-run variance matrix was singular. 3 Similar problems 

were encountered when only one or two of the goods were aggregated. Conse- 

quently, the first four items were aggregated under the heading of 'Agricultural 

Food' items. Thus, the data has been aggregated into the three equation system, 

consisting of Agricultural Food, Other Food and Non-Food. In each case the share 

of expenditure on that item was available, and the prices of these items were 

available for the Other Food and Non-Food items. The price for the Agricultural 

Food was obtained using Stone's index. The price index for all goods was also 

This problem may be due to the relatively short sample size (64 periods). Once the data 

is smoothed using a 12 point moving average, the behaviour of the shares appears to be highly 

collinear. The estimation of a large number of parameters in these models gave extremely high 

R 2, leaving very little residual variance on which to estimate long-run variance matrices. 
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Table 6.1: Unit Root Tests: Levels 
Dependent Variable D-F za I 

Share of Agic Food -2.19 -2.26 -3.51 
Share of Other Food -1.52 0.37 -4.37 
Share of Non-Food -1.75 -1.92 -3.62 
Regressors 
Price of Agric-Food -0.77 -. 948 -4.01 
Price of Other Food -3.87** -3.14 -5.32** 
Price of Non Food -1.19 -4.94 -4.23 
Real Expenditure 1 1 -0.44 -1.72 -3.65 

j 

Crit Vals(5%) 1 1 
-3.5 -19.8 

: 
-75: 0:: 8ý] 

enotes Significant at the 5% level of significance 

obtained using Stone's index. 
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Plots of the (smoothed) expenditure shares used in estimation are presented 

in Graph 6.1. The relevant prices and real expenditure are presented in Graphs 

6.2 and 6.3. The data has first been smoothed using a twelve point moving 

average in the manner recommended by Hylleberg et al. [87]. It is evident 

that Agricultural Food and Other Food together constitute around 40% of total 

expenditure. Visual examination does not immediately suggest that there are 

trends in the expenditure shares. Prices on the other hand, clearly have positive 

trends. The overall price index constructed using Stone's index is plotted in 

Graph 6.3. While nominal expenditure has increased rapidly, once deflated by 

Stone's index, real expenditure is estimated to fall consistently over the sample 

period (Graph 6.3). 
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Table 6-2: Unit Root Tests: Differences 
Dependent Variable D-F Z,,, Z-A 
Share of Agric Food -3.19 -18.15 -5.25** 
Share of Other Food -3.72** -17.73 -5.08** 
Share of Non-Food -3.11 -18.56 -5.67** 
Regressors 
Price of Agric-Food -2.82 -9.21 -4.13 
Price of Other Food -2.99 -9-76 -4.28 

rice f Non Food -13.98 -6.92** 
Real Expenditure -3.08 -15.43 

FCrit Vals(5%) -3.5 -19.8 -5.08 
"Denotes Significant at the 5% level of significance 

6.5. Empirical Estimation 

6.5.1. Univariate Behaviour of the data 
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The tests for unit roots in the data are presented in Tables 6.1 and 6.2. The 

data has first been smoothed using a twelve point moving average in the manner 

recommencled by Hylleberg et al. [87]. The twelve point moving average should 

remove any seasonal roots (see Chapter 2) as well as removing any deterministic 

seasonality. 

Table 6.1 gives the unit root tests for the data in levels, and Table 6.2 gives 

the results for the differenced, data. All tests include a time trend. Each variable 

was tested for a unit root using the standard Dickey Fuller (D-F) [521 test, the Z", 

test [152], and the Zivot and Andrews (Z-A) [182, 'IYend Shift] test (see Section 

4.8.3). An examination of Table 6.1, reveals that only the price of Other Food 

rejects a unit root (at the 5% level of significance) around a deterministic trend 

for two of the three tests. However, once the data is differenced, the results 

4 The issue of cointegration at seasonal frequencies is discussed in Hylleberg et al [871 and 

Hylleberg [85], but is not addressed im this thesis. 
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Table 6.3: Tests for Cointegration: Unrestricted Model 
Eql Eq2 Crit 

D-F -2.82 -4.18 <-4.49 
zcf -6.73 -10.69 <-37.7 

inf (Za) -32.13 -30.74 
(Date) (July 1994) (July 1994) <-33.05 

G-H -6.91** -5.56** 
(Date) (May 1994) (May 1992) <-5.83 

"Denotes Significant at the 5% level of significance 
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are substantially different. While the standard tests (D-F and Z, ) fail to reject 

unit roots, the recursive test allowing for a structural break (Z-A) rejects a unit 

root for five of the seven differenced series. Therefore, most of the differenced 

series are consistent with being l(l), once a shift in their mean or change in their 

deterministic trend is allowed for. 

The estimation of the Almost Ideal demand system will proceed under the 

assumption that all the series are I(I). While it is recognised that not all the series 

reject unit roots when differenced, in models with large numbers of explanatory 

variables it is sometimes necessary to make assumptions that are broadly, but 

not wholly, consistent with the data in order to justify methods of estimation 

and inference (such as the FM procedure). It is the contention here, that the 

failure to reject unit roots in the differenced data does not compel the researcher 

to accept the hypothesis. It is equally likely that there is insufficient information 

to reject the unit root hypothesis, or alternatively, the data is characterised by 

multiple structural breaks. 

6.5.2. Cointegration 

The tests for cointegration. are presented in Tables 6.3 and 6.4. The first of these 

tables (Table 6.3) gives the tests for cointegration for the two estimated equations, 
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Table 6A Tests for Cointegation: Restricted Model 
Eql Eq2 Crit 

D-F -2.56 4.29 <-4.16 
zc, -3.23 -5.05 <-32.2 

inf (Z, ) -26.96 -27.73 
(Date) (July 1994) (August 1994) <-30.2 

G-H -5.72** -5.85** 
(Date) (July 1993) (Sept 1992) <-5.57 

"Denotes Significant at the 5% level of significance 

152 

where the symmetry and homogeneity restrictions have not been applied. Table 

6.4 gives the equivalent tests where the restrictions have been applied. Each 

equation is exposed to four tests for cointegration: the standard Dickey Rfller 

(D-F) and the Z, tests for unit roots in the residuals; the Rec-Z,,, test described 

by McDermott [1181; and, the recursive tests of Gregory and Hansen (G-H) [70] 

(described in Section 4.8). The Rec-Z,,, and G-H required that the restrictions 

were imposed for each of the recursive estimations in order for the results in Table 

6.4 to be obtained. 

The critical values for these tests must be less than the values listed in the last 

column of Tables 6.3 and 6.4. Unfortunately, there are no values which are tabu- 

lated for the case where there is a quadratic trend in the regression. A quadratic 

trend is likely to increase the chance of no-cointegration being rejected if the 

standard critical values (allowing for a trend of order 1) axe applied. Accordingly, 

the inequality sign placed by each of these critical values is to remind the reader 

that the critical values will be less than the value listed. It is contradictory that 

the Rec-Z, test has a higher significance value than that of the standard version 

of the test (McDennott [118, Table 4.1 T=501). Nevertheless, this test is useful, 

since as noted in Section 4.8.4, the plot may identify whether there was an accu- 

mulation of evidence against a unit root, and consequently if there is a change in 
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the relationship between the data leading to the failure to reject no-cointegration. 
As can be observed, there is weak evidence against the null of no-cointegration 

for most of the tests in Tables 6.3 and 6.4. In both tables the D-F and Z, tests do 

not reject no-cointegration at the 5% level of significance. As would be expected 
the imposition of the restrictions has generally weakened the evidence against 

no-cointegration. 

The G-H tests gather considerably stronger evidence in favour of cointegra- 
tion, where a break in the deterministic trends is allowed. The G-H procedure 
has chosen the same date for both equations as the point of a structural break 

where no restrictions have been applied. The plots for the G-H statistic are pre- 

sented in Graphs 6.4 and 6.6. An examination of Plot 6.4 for the first equation 
(AgHcultural Food), reveals that there is quite a substantial increase in the evi- 
dence favouring cointegration if a dummy variable is placed towards the middle 

of 1994. However, the restricted versions of these tests are not as clear. 
The evidence that a structural break may have occurred is also supported 

DY the Rec-Z, test. In both the restricted and the unrestricted case, the inf 

(Z, ) is substantially smaller than when the whole sample is used. The plots 6.5 

and 6.7 illustrate this more clearly. The plot of the Z, decreases consistently 

until the middle of 1994, from where it increases rapidly. This kind of behaviour 

is consistent with a structural break at around the middle of 1994. There is 

remarkably little difference in the restricted and unrestricted versions of this test, 

as can be confirmed by a comparison of Plots 6.5 and 6.7. 

In summary, there is weak evidence against no-cointegration in both equa- 

tions. However, there is also considerable evidence of structural breaks. The re- 

cursive tests which allowed for structural breaks gave stronger evidence in favour 

of cointegration. However, it is likely that there is at least one major structural 
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Table 6.5: SUR Estimates: Restricted Model 
Agric Food Other Food 

Stochastic Regressors 

Agric Food Price 
162 -. 028** 

(18.78) (-3.99) 

Other Food Price -1 028** -. 062** 
(-3.99) (-8.41) 

-. 134** . 090** 
Non- Food Price 

(-12.41) (12.47) 

Real Expenditure -. 074** . 015 
(-6.34) (1.55) 

Deterministic Terms 

Intercept . 665** . 038 
(12.69) (. 808) 

-. 008** -. 004** 
Time Trend 

(-21.66) (-15.21) 

Time Trend 2 1.01 X 10-4** 4.54X 10-'5** 
(27.23) (15.64) 

RSquare 0.994 0.997 
"Denotes Significant at the 5% level of significance 
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break towards the end of the sample, and possibly others. In Section 6.5.3 on- 

wards, the estimates of the models are presented. In Section 6.5.5, Hansen's tests 

for structural stability are also conducted. 

6.5.3. Parameter Estimates 

The consistency of the parameter estimates in both methods of estimation re- 

quires that the AI model constitutes a set of cointegrating vectors. The no- 

cointegration hypothesis could not be rejected at low levels of significance in 

Section 6.5.2. Nevertheless, the estimates are presented below. Any conclusions 4 

drawm are clearly tentative, given the failure to reject no-cointegration. The 

statistics presented for the SUR estimates are almost certainly biased and incon- 
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Table 6.6: EM Estimates: Restricted Model 
Agric Food Other Food 

Stochastic Regressors 
Agric Food Price . 188** -. 032 
(t-statistic) (6.66) (-1.74) 

Other Food Price -. 036 -. 062** 
(-1.74) (-2.61) 

-. 152** . 094** 
Non- Food Price (4.57) (4.31) 

Real Expenditure -. 048 -. 008 
ffo\ 

Deterministic Terms 

Intercept . 561 . 134 
(1.308) (. 45) 

-1 009** -. 004** 
Time Trend (-6.23) (4.46) 

Time Trend2 
1.03 X 10- 4** 4.55X 10-5** 
(7.14) (4.50) 

RSquare 1 1 
. 970 1 

. 987 -A 
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"Denotes Significant at the 5% level of significance 
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sistent. The t-statistics presented for the FM estimates are potentially consistent, 

providing the AI model constitutes a set of cointegrating vectors. Both sets of 

estimates have been presented, so that they may be compared. 

The parameter estimates for the two methods (FM and SUR) are presented in 

Tables 6.5 and 6.6. The long-run covariance matrices used for the FM procedure 

were estimated using the automatic bandwidth selection procedure, but without 

the prefiltering method. Prefiltering resulted in a singular long-run covariance 

matrix, and was therefore abandoned. This singularity may be due to'over-fitting' 

since a high number of additional parameters are estimated in the prefiltering 

process. 

The FM and SUR methods do not give radically different results. However, 

generally the standard errors associated with the FM method are larger, and 

consequently the t-statistics associated with the parameters indicate that the FM 

estimates are less significant. The parameters are not in themselves easily inter- 

preted. It is more meaningful to construct measures of the elasticities (Section 

6.5.6). A negative real expenditure coefficient will give a small expenditure elas- 

ticity, although it does not insure that the expenditure elasticity is negative. The 

elasticities are constructed using the data, and therefore the standard errors of 

the elasticities are difficult to construct. Nevertheless, the standard errors (and 

t-statistics) are important. A negative real expenditure coefficient is significant 

in the SUR results, but not in the FM results. This indicates that the estimate of 

the expenditure elasticity, is significantly sub-unity for the FM results, but not 

for the SUR results. The SUR results, therefore, overstate the significance that 

can be attached to the values of the parameters, and indirectly to the elasticities. 
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Table 6.7: Tests for Symmetry and Hommogeneity 
SUR FM 

Symmetry 
Wald 1.41 . 004 
(Prob(Wald)) (. 23) (. 94) 

Wald 5.35 4.84 
Homogeneity 

( 

(Prob (Wald)) (. 066) (. 088) 

Sym+Hom 
Wald ( 10.19 6.15 
(Prob(Wald)) (. 017) (. 105) 

6.5.4. Testing Restrictions 
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The tests for Homogeneity and Symmetry Restrictions are presented in Table 

6.7. In the first results column, the Wald statistics (Equation 6.18) are presented 

using the SUR method. The level of significance at which the hypothesis may be 

rejected is given parentheses. In the second results colu-nm, the Wald statistics 

(Equation 6.22) are presented for the FM method. Notably, both methods fail to 

reject symmetry at the 10% level of significance. The FM method accumulates 

even weaker evidence against the symmetry hypothesis than the SUR method. 

The evidence against the homogeneity hypothesis is somewhat stronger. Both 

methods reject homogeneity at the 106, but not at the 51%, level of significance. 

Once again, the FM method would lead to a less conclusive rejection of the 

restriction. When both restrictions are imposed simultaneously, the FM and 

SUR methods lead to quite different conclusions: the former failing to reject the 

restrictions at the 10% level of significance, and the latter rejecting them at a low 

level of significance (276). As noted in the introduction, the estimation of 'duality 

based models' have commonly rejected restrictions implied by static economic 

theory. It is notable therefore, that a similar conclusion would have been reached 

if standard methods of inference had been applied. 
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Table 6.8: Tests for Structural Chamye 
Standard Modified 
MeanF SupF MeanF SupF 

251.8 197.1 
Agric Food 105.5 82.2 

Jan 1994 Jan 1994 
202.5 161.1 

Other Food 90.1 71.9 
Jan 1994 Jan 1994 

200.9 148.89 
Both 90.4 66.6 

Jan 1994 Jan 1994 

Crit 5% 10.4 21.4 10.4 21.4 

6.5.5. Testing Structural Change 
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The tests for structural change described in some depth in Chapter 3, are pre- 

sented in Table 6.8. The first two rows give the results for the tests of each of 

the unrestricted equations estimated individually. The critical values apply to 

these only. Unfortunately, there are no critical values published, to the authors 

knowledge, for systems estimation (i. e. more than one equation). However, it 

would be reasonable to assume that the tests reject the null hypothesis, since the 

Wald test is over 200. In any case, each equation fails the structural stability test 

individually. The modified test here is actually lower than the unmodified test, 

although as argued in Chapter 3, the modified test should be more powerful: in 

this case it is of no additional value. 

6.5.6. Elasticities 

The elasticities for SUR estimation are presented in Table 6.9 and the elasticities 

for FM estimation axe presented in Table 6.10. These have been calculated using 

the Equations 6.10 to 6.13 using the last point in the data set. The expenditure 

elasticities are presented in the last column of each table. In both sets of the 
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Table 6.9: SUR Elasticity Matrices 
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Agric F-Price- FOther F-Price [-Non F-Price I Expendýliýture 

Agric Food 
Uncomp -. 07 -. 04 -. 55 

. 67 (Compen) (. 07) (. 06) (-. 14) 

Other Food 
Uncomp -. 22 -1.38 . 51 

1 09 (Compen) (. 02) 0.19) (1.17) . 

Non-Food 
Uncomp -. 28 . 12 -. 93 

1.10 (Compen) (-. 036) (. 31) (-. 27) 

Table 6.10: FM Elasticity Matrices 
Agric F-Price I Other F-Price I Non F-Price I Expený=iiture 

Agric Food 
Uncomp -. 05 -. 09 -. 64 

. 78 
(Compen) (. 13) (. 04) (-. 17) 

Other Food 
Uncomp -. 19 -1.36 . 58 

. 95 
(Compen) (. 02) (-1.20) (1.15) 

Uncomp -. 30 . 132 -. 92 
Non-Food 

(Compen) (-. 05) (. 31) (-. 25) 
1.09 

if 

estimates, AgTicultural Food is estimated to inelastic with respect to expenditure. 

The results for other food and non-food, are broadly consistent with being unit 

elastic with respect to expenditure. The own-price uncompensated elasticities 

(those that include an income effect) are all negative. However, the own-price 

compensated elasticities are positive, which violates the curvature restrictions 

upon the cost function (see Section 6.7.3.1). 

It would be difficult to draw any further conclusions about complementarity, 

or substitutability, between groups. According to the both sets of results: Agri- 

cultural Food is a net, and gross, complement to Non-Food while showing little 

evidence of being a complement or substitute for Other Food; and Non-Food is 

estimated to be a substitute for Other Food. It would have been expected that 

the two food groups were net substitutes, and had small compensated elasticities 
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with respect to Non-Food. 

6.6. Summary 

The application of the FM procedure to the AI demand system was a mixed suc- 

cess. The technique suffered from the drawback that a larger system could not be 

estimated due to singularities developing in the long-run variance covariance ma- 

trix. Even upon estimating a smaller system, the prefiltering method developed 

the same problem. On the other hand, the estimates from the Al system using 

the FM and SUR estimates gave parameter values and elasticities that were in a 

high degree of accordance. The modified test statistics gave less evidence against 

the symmetry and homogeneity restrictions than did the SUR procedures. This 

is consistent with the view that previous testing of these propositions has used 

biased inferential procedures wl--Lich tend to over-reject the hypotheses which are 

intrinsic to the construction of the model. 

The model suffers from two related drawbacks. First, the application of re- 

cursive structural break tests indicated that the model does not appear to have 

parameters which are stable. The addition of a quadratic time trend does not 

appear to be able to 'soak up' the effects of changing demand parameters, or 

alternatively, the model cannot adequately characterise the data. Secondly, the 

AI model does not reject the no-cointegration hypothesis at a high level of con- 

fidence. The application of the recursive tests were useful however, in that once 

structural breaks are accounted for, there is considerably more evidence in favour 

of cointegration. 

The results themselves are consistent with the conventional view that agricul- 

tural food has a low elasticity with respect to income. However, it is close enough 

to unity to expect that if there is an increase in income, this will significantly 
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increase the demand for food. However, more relevant to the present circum- 

stances is the fact that with falling real expenditure, the demand for agricultural 

products will continue to fall. The price elasticities did not conform with what 

would be expected, nor were they theoretically consistent. 
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6.7. Appendix to Chapter 6 

162 

The following sub-sections cover the main results of the elementary 'static' theory 

of the consumer. For more detail see Varian[177] or Kreps[102, Ch. 2], and for a 

more advance treatment Chambers [31]. The df (x (p) 
, p,, 3) Ia is to be inter- dp 

preted as the derivative of function f (. ) (possibly vector valued) with respect to 

the (vector) p where the vector, 3 is held constant. All vectors unless transposed 

will be column vectors. The definitions for matrix and vector differentiation may 

be found in Judge et al. [96, Appendix A], and in Berck and Sydsaeter [16, 

Ch. 23]. 

6.7.1. Lagrangian Optimisation 

Define two functions of the vectors xp and, 0: 
kxl pxl jxl 

i) the objective function f (x, p, 0); and, 
1XI 

ii) the constraints 9 (x, p,, 3). 
qxl 

The Lagrangian function is defined as 

(x�\, p, ß) -f (x, p, ß) - Yg (x, P, ß), (6.23) 

where the vector A, is aqx1 vector. 

If f (. ). is to be maximised w. r. t. x, subject to the constraints that 9 G) = 0, 

then sufficient conditions for a solution to exist are that both f (. ) and g(-) are 

twice continuously differentiable, and the Kuhn-'Fucker conditions (see Chambers, 

[311) axe obeyed. The first order conditions are 

= 01 (6.24) 
9x c 

and = 0. 
a l\ 
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These first order conditions require that 

i9f(: i, p, ß) ag(: ýý, p, ß)iý 
=: 01 (6.25) 

Ox, ax, -) 

and 9 (X, pl ß) = o. 
qX1 

The Lagrangian evaluated at the optimum is 

(Jý, Ä, p, ß) = 9(p, ß). (6.26) 

The derivative w. r. t. p of the optimal function must be equal to the derivative of 

the Lagrangian multiplier since 

ag(P, ß) 
ap 

df (ic, p, ß) i, P, ß) dÄ' 10_ Ät dg ( 1,0 - g(x, P, dp dp dp 
v 

=o 

df T)- 13) 

ap 

Observe that 
-1 df (ic, p, ß) dÄ g(: ý, p, 

dp dp 

(9x (9f (Jý, P, ß) 
+ (9f (: i, P, ß) 

ap ax, ap 
ax ag(: i, P, ß) Ä 49g(: ý, P, ß) Ä d9A ß) 
ap ax, 19p (9p 

ax af (: ý, P, ß) ag(-, ý, P, ß) ýý 
Op (9X, ax, 

=O by eq. 6.25 

+ 49f (X, P, ß) ßg(:: ý, P, ß) Ä- eA 

ap OP ap 
=O by eq. 6.25 

af (: i, P, ß) ag P, ß) Ä. 
ap ap 

(6.27) 

(6.28) 



Almost Ideal Demand Estimation 164 

Although in equations 6.28, derivatives are w. r. t. the vector p, the vector p could 
be replaced by 0. This result can therefore be stated as the 'Envelope' theorem' 
(For a fuller development of the Envelope and 'Second Order Envelope' theorems 

see Cornes [40, Ch. 1]). 

6.7.1.1. Envelope theorem: 

The Envelope theorem can be stated as 

o9L p,, 3) 

ap 
- aQ(P,, 3) 

ap 
and 

df (:: ý, v, ß) 
(6.29) 

aL (ý, ý, p, 

ao 

dp 

df (: ý, p, ß) 
aß d, 6 

6.7.1.2. The Lagrangian Multiplier 

If is assumed that the functions can be restricted such that f p, 0) =f p) 

and g p,, 3) = g* (: ýc, p) - 3. A direct consequence of the Envelope theorem is 

that the Lagrangian Multiplier A can be interpreted as the response of the optimal 

objective function to a change in the constraints 

an(P, ß) 
- 

af(ilp, o)-(ag(ilp, ß»Ä 
aß aß 

df * (: i, p) 
dß 

6.7.2. Application to Demand Functions 

6.7.2.1. Hicksian Demand, and the Expenditure Function 

(6.30) 

Define f (x, p,, 3) = x'p, and g(x, p,, 6) = U(x) -3 where x is a bundle of com- 

modities chosen by the consumer, p is a set of prices associated with each of the 
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commodities and U(x) is the utility function of that consumer. If the Lagrangian 

is solved to yield :: ý =h (p,, 3), this is called the Hicksian demand function. The 

Hicksian solution, substituted into the original objective function is referred to 

as the Expenditure function. e (p,, 3) =f(: ý, p,, 3) =h (p,, 3)'p. 

6.7.2.2. Marshallian Demand and Indirect Utility Functions 

Define f (x, p,, 3) =U (x) 
, and g(x, p, 0) = x'p -3 where x is a bundle of com- 

modities chosen by the consumer, p is a set of prices associated with each of the 

commodities and U(x) is the utility function of that consumer. If the Lagrangian 

is solved to yield : ýc =q (p,, 3) 
, this is called the Marshallian demand function. 

Substituting the Marshallian Demand Function into the original objective func- 

tion is referred to as the Indirect Utility function. UI (p, 0)=U (q (p,, 3)). 

6.7.2.3. Shephard's Lemma 

Defining f (x, p,, 3) = x'p and g (x, p, 0) = U(x) - 3, (as in the case of Hicksian 

Demand) then the Envelope theorem (equation 6.29) leads to a result normally 

referred to as Shephard's lenima 

49e (p, ß) df (x,, p, ß) aL (., ýi Äl P, af (: i, P, ß) 

ap 
Iß= 

dp 
Iß= 

ap 49p 
(6.31) 

6.7.2.4. Roy's Identity 

The converse case is where f (x, p,, 3) =U (x) and g (x, p) = xp -3 (as in the 

case of Marshallian demand) is derived from 

n (P1,6) = u(: ý) -Ä (X1P - ý6) - 
(6.32) 

Application of the Envelope theorem (equation 6.29) gives Roy's Identity, 

a9 (P, ß) aui (P, ß) 

ap ap ic l\ 
(6.33) 
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aui(plp) aUI(p, O) 
ap 

--ap (by equation 6.30). 
9U, (PIO) 

a'a 

6.7.2.5. (Un)Compensated and Elasticities 

The Slutsky equation related the derivatives of the Hicksian and Marshallian 

demands. It is noted that in the case of Hicksian demand (h(p,, 3)), 3 was the 

level of utility, and in the case of Marshallian demand (q (p,, O)), 3 was the level 

of money income. Accordingly, 3 will be replaced by u and o respectively. Using 

this notation: 

h (p, u) q (p, e) =q (p, e (p, u)) ; therefore, (6.34) 

A (p, u) 9q (p, e (p, u)) + 
aq (p, e (p, u)) ae (p, U) 

19PI a'Y 
=Jýl by Shephard's Lemma 

I 
LO= 

&ý 
lu - 

&ý:, I. 
dpl dpl d Lo 

This may be transformed into elasticities, using the matrices 

P =: fpij I, where pii==pi and pij =: 0 for aH i=3, (6.35) 

and 

X= jxjjj where xjj=.: ýj and xij =0 for all Z= 

Consequently 

p) 
(X-, dý 

p) -, 
dý VP d& 

x-1 _X 0 (6.36) 
dpl dpl dm p 

EI, 
eu =: ec ? 7si 

By definition ý,,, is the uncompensated price elasticity matrix, ý, is the compen- 

sated price elasticity matrix and Tj is a vector of income elasticities.. 
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6.7.3. Properties of Functions 

6.7.3.1. Expenditure Functions 

As far as the Almost Ideal demand system is concerned, all the relevant restric- 

tions can be derived as conditions of the Expenditure function. For the analo- 

gous requirements of the Indirect Utility function refer to Berck and Sydsaeter 

[16, Ch. 26,26.3]. Definining e(p, u) to be the expenditure function (in Section 

6.7.2.1): 

1. e(p, u) is non-decreasing in p; 

2. e(p, u) is continuous in p; 

3. e(p, u) is homogenous of degree one in p. Therefore, (e(tp, u) = te(p, u)) ; 

and, 

4. e(p, u) is concave in p, therefore a2e(p, u) H (p, u) apap, 

(i. e. Synunetric Negative Serrii-definite). 

6.7.3.2. Demand Rinctions 

It Mows from the application of Shephard's Lemma (Section 6.7.2.3) to the 

Hicksian demand function (defined in Section 6.7.2.1): 

ah(p, u) 1. apl =H (p, u) :! ý 0 (Symmetric Negative Semi-definite) 

2. h(tp, u) - '9 e(tP, u) = -CýIpl/-e(tA UP-1 = ale(p, u) = h(p, u). (i. e. h(p, u) a(pty ap 
is homogeneous of degree zero in p); and, 

o9h(p, u) p=H(p, u)P=O. 

For the Marshallian Demands, these conditions lead to: 
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4. q (tp, tm)' tp = tm =>. q (tp, tm) =q (p, p) (Z. e. 

h(p, u) is homogeneous of degree zero in p and o); and, 

aq(p, e) aq Cv, q) (from the Slutsky equation, and result 3 above). ap, p : -- e( -9,0 

6.7.4. Derivation of Elasticities for the AI System 

The elasticities for the AI system are derived in Ray [159], and also in Green 

and Alston [69]. The latter authors derive elasticities for the full Al model, and 

where the linear approximation is used also. 

In the thesis, the expenditure shares are defined as a vector s, and 1,, as 
mX1 

amxI vector of ones. Therefore, 

ln(s(p,, o)) =: ln(p)+In(q(p,, g))-I,,,. In(, o) (6.37) 

and 
,9 In (s) 
a In (p)' 

Using the definitions in the main text, along with S= fsijlwhere sii=si and 

sij =0 for all i=j: 

49S 
1- A-0 (a/ +ln(p)'A); and, (6.38) 

o9 In (p) 
a In (S) 

S-1 A-, 3 af+ln(p) IA 
a In (p), 

ý'=s-l(A-, 3(a'+In(p)'A))-lm. 

The compensated elasticities are then calculated using the Slutsky decomposition 

as 

ýu (6.39) 

Where 77 is the expenditure elasticity, and can be calculated as 

ahi(s) S-1ý3 (6.40) 
a In (, o) 
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= 77 - 

=:: ý, 77 = S-'ý3 + 1m. 

In order to examine whether the concavity restrictions hold then the Hessian 

matrix can be calculated as 

H (p, U) = Xý, P- 1. (6.41) 

The eigenvalues of this matrix must all be less than or equal to zero if the H (p, u) 

matrix is to be semi-negative definite. 
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Figure 6.4: G-H Plots: Unrestricted Estimation 
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Figure 6.7: Rec-Z,,, Plot: Restricted Estimation 
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Figure 6.8: F-Tests for Structural Stability 
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7. SUMMARY AND CONCLUSIONS 

7.1. Results Summary 

The work in this thesis has employed and extended a number of econometric 

techniques. Particular emphasis has been given to tests for unit roots and/or 

cointegration in the presence of unknown 'structural breaks' in the process which 

has generated the data. Structural changes are probably frequent events in time 

series, rather than rare occurrences. Furthermore, it is an unfortunate fact that 

the researcher usually approaches the data armed with theory that is 'suggestive' 

rather than something which can give a full characterisation of the data. Models 

which do not allow for significant changes in the parameters of interest are likely 

to be unable to characterise the data, and it is unreasonable to ask a researcher 

to always choose structural breaks a p7iorZ. Recursive tests for structural change 

therefore perform a useful role on two levels: first in examining the univariate 

behaviour of the data, thereby influencing the choice of model specification and 

the methods of estimation and inference; and secondly, on the evaluation of the 

model and diagnostic testing. A disadvantage of recursive tests are that they 

are computationally expensive, however with computer power growing rapidly, 

computational problems are becoming less important. 

Chapter 2 introduced a recursive version of the HEGY [87] test for seasonal 

roots. It has demonstrated that the conventional HEGY tests can have low power 

173 
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under the alternative of a unit root at the zero frequency with structurally chang- 
ing deterministic seasonality. Having generated the critical values, the tests were 

shown to lead to different conclusions about the nature of some US agricultural 

price data. It was argued that, as yet, there is not sufficient justification for 

treating seasonal roots as a maintained hypothesis when using the conventional 
HEGY testing procedure. This argument was supported by the evidence that 

some agricultural data are not consistent with the seasonal root hypothesis, and 

that these conclusions are strengthened when using the recursive test. The re- 

sults from the standard and recursive tests were not radically different. Series 

which had the weakest evidence against the seasonal root hypothesis using stan- 

dard tests, also had the weakest evidence in the recursive tests. Likewise, all 

hypotheses which were rejected using the standard tests were also rejected using 

the recursive tests. Nevertheless, the recursive tests tended to gather more evi- 

dence against seasonal roots than the standard versions of the HEGY tests. The 

tests were later employed in testing for seasonal roots in monthly data (Chapter 

5) although in this case the recursive tests were less likely to reject unit roots. It 

is likely that the standard tests have greater power to reject a false hypothesis, 

providing there are no structural breaks. On the other hand, if there is reason 

to believe that there are structural breaks then the recursive tests should also be 

employed. The recursive tests should be viewed as a complement rather than a 

substitute to existing tests. 

The tests for structural change extended in Chapter 3 were shown to have a 

solid foundation on the basis of Monte Carlo trials. Monte Carlo studies suggest 

that the recalculation of the long-run covariance matrix after an initial selection 

of the break point and its subsequent use in the computation of the structural 

change tests does not substantially change the critical value of the test under the 
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hypothesis of no structural change. This modification increases the power of the 

test, and the difference between the standard test and the modified test is most 

prono-unced when there is a drift in the regressor. The cause of this phenomena 
(z-e. the low power of the standard test) is that under the alternative hypoth- 

esis of a structural break, the variance covariance matrix does not converge in 

probability. This observation is also relevant to the LM version of any structural 

break test. The most simple way to adapt the procedure was to use the restricted 

model (the one that assumes structural stability) to choose the most likely point 

for a structural break, then re-estimate the long-run covariance matrix. 

The use of the recursive techniques had a substantial impact on the conclusions 

drawn in Chapter 4. First in the treatment of the data, secondly in the testing 

for cointegration, and consequently on the tests for Granger-causality. This work 

re-examined the causality between minimum wages and average wages in agricul- 

ture. It utilised several methods of testing for cointegration in the presence of 

structural breaks. Without structural breaks being introduced, the evidence for 

cointegration was mixed. However, the recursive methods showed considerable 

consistency in choosing 1974 as the point at which a structural break occurred. 

Moreover, all these techniques suggested that the two series were cointegrated 

after this structural break had been accounted for. Granger-non-causality was 

rejected in both directions. The strength of the rejection of non-causality from 

minimum wages to the average wage was greatly increased by the imposition of 

one cointegrating relationship. Finally, impulse response analysis indicated that 

past increases in minimum wages, over and above those which were correlated 

with contemporaneous changes in the average wage, had a negative impact on 

the average wage. The conclusion of Chapter 4 is that minimum wages Granger- 

cause the average wage (in agriculture), and that this impact is negative. This is 
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contrary to previous work, and the conclusion was reached partly through incor- 

porating a structural break into the equations testing for cointegration, and the 

VAR used for estimating the impulse response functions. 

The recursive tests did not play such an important role in Chapter 5. After the 

initial application of the unit root tests, the data were considered to be difference 

stationary, and not cointegrated according to both standard and recursive tests. 

Nevertheless, there is strong evidence that there was Granger-causality flowing 

from the overall price level to the milk quota price, which violates the semi-strong 
definition of market efficiency. The analysis offered a plausible explanation that 

the inefficiency was due to the failure of agents to use all relevant information in 

forecasting changes in the inflation rate. However, the model presented in this 

chapter argues that the data are consistent with the notion that agents attempt 

to maximise profits, and are cognizant of the fact that period to period changes 

in the real price of quota are an important part of its return. This chapter used 

a broader set of techniques such as non-nested tests, forecast performance and 

instrumental variable estimation in testing the 'behavioural' model. It was argued 

that these tests supported the 'behavioural' model. The historical inefficiency 

does not imply that the market will continue to be inefficient. However, one 

obvious way to reduce the existing systematic price movement of quota is to 

allow other agents, presently unable to buy and sell milk quota, to enter the 

market (z-e. speculators). 

The work in Chapter 6 applied the FM procedure to the linearised version of 

the AI model. The technique suffered from the drawback that a larger system 

could not be estimated due to singularities developing in the long-run variance co- 

variance matrix. Even upon estimating a smaller system, the pre-filtering method 

developed the same problem. On the other hand, the estimates from the AI sys- 
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tem. using the FM and SUR estimates gave parameter values and elasticities that 

were in a high degree of accordance. The modified test statistics gave less evidence 

against the symmetry and homogeneity restrictions than did the SUR procedures. 
This is consistent with the view that previous testing of these propositions has 

used biased inferential procedures which tend to over-reject the hypotheses which 

are intrinsic to the construction of duality based models. 

The empirical model in Chapter 6 suffers from two further related drawbacks. 

First, the application of recursive structural break tests indicated that the model 
does not appear to have parameters which are stable. The addition of a quadratic 

time trend does not appear to be able to 'soak up' the effects of changing demand 

parameters, or alternatively, the model cannot adequately characterise the data. 

Secondly, the AI model does not reject the no-cointegration hypothesis at a high 

level of confidence. The application of the recursive tests were useful however, in 

that once structural breaks are accounted for, there is considerably more evidence 

in favour of cointegration. Another concern raised by the work in Chapter 6 is 

that the cointegration techniques which require many parameters to be estimated 

are asking too much of limited data. This applies to VARs with long lag length, 

and also static models which estimate a long-run covariance matrix. 

7.2. Suggestions for Flirther Work 

Further areas of research which follow on from the work in this thesis are suggested 

below. 

A more detailed Monte-Carlo study, with increased accuracy for the critical 

values for seasonal root tests in Chapters 2. 
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The computational time involved in these studies was significant. While 

the figures serve as good approximations, it would be useful to reduce the 

errors further. 

2. Rffl development of the asymptotic theory for the recursive tests in the case 

of seasonal unit root tests. 

The evidence that there are limiting distributions for the seasoaril root tests 

are given by the high conformance of different sets of Monte Carlo trials. 

While this is sufficient for practical purposes, the asymptotic theory for the 

seasonal root case was not developed in this thesis. It is likely, given the 

results presented in Zivot and Andrews[182], that it is a small step (for 

someone with the appropriate theoretical tools) to generalise this into the 

case of seasonal root tests. 

3. Extension of critical values for recursive seasonal root tests to the monthly 

case. 

The critical values presented in the 2nd chapter are only for the quarterly 

case. The standard versions of the seasonal root tests for the monthly case 

were compiled in Beaulieau and Miron [14]. It is therefore a straightforward 

but computationally burdensome exercise to get the recursive values for the 

monthly tests. This has already been partly undertaken in an unpublished 

working paper by Tiffin and Balcombe [172], and the critical values were 

used in Chapter 5. 

4. Developing and tabulating the critical values for a Wald version of the SupF 

and MeanF tests. 

Chapter 3 developed a testing procedure based on a recomputation of the 

long-run variance matrix at a point which was chosen using the conven- 
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tional LM version of the structural break test. If the model was recursively 

estimated using dummy variables, then the Wald version of the same test 

could be constructed. This may be a superior method. 

5. Testing for multiple structural breaks in cointegrating regressions. 

The work in this thesis has only dealt with testing for a single break. Clearly, 

there may be multiple breaks in a deterministically trending time series 

which would make the rejection of a unit root unlikely if only one break is 

allowed for. It may be feasible to extend the work of Gregory and Hansen 

[70] into the testing for multiple structural breaks in a similar manner as in 

the case of testing for unit roots in a raw series undertaken by Lee [106]. 

6. Critical values are needed for the Hansen [75] (SupF and MeanF) tests for 

multi equation systems. 

To the authors knowledge, the only published critical values for these tests 

are for the case of single equations. The critical values for multi equation 

systems would be useful, though computationally a large task. Alternative 

ways of computing these critical values may also be explored. 

7. Critical values are needed for the recursive version of the Johansen tests. 

In the 4th chapter a recursive version of the Johansen test was computed, 

though without any critical values. Monte Carlo studies could compute 

these values. 

8. A more detailed analysis of the way to treat structural breaks once they 

have been identified is needed. The work in this thesis has not extensively 

considered what action that should be taken once a structural break has 

been found. In the chapter on minimum wages (Chapter 4), a dummy 



Summary and Conclusions 180 

variable was introduced to account for the structural break. However this 

approach is ad hoc and there may be superior ways of dealing with structural 

breaks. This may also lead to the use of more general specifications such 

as non-linear systems, changing parameter models, and 'threshold' models 

(see Tong [176, Ch. 3]). 
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THE EXTENDED CARLSON-PARKIN METHOD 

FOR BusINESS OPINION DATA 

8.1. Introduction 

Business opinion data can be used to give forecasts of growth and inflation, as 

well as more general information about capacity utilisation and business confi- 

dence. The Quarterly Survey of Business Opinion (QSBO) is conducted by the 

New Zealand Institute of Economic Research. It asks, inter alia, business peo- 

ple for their predictions of price movements in their industry. Respondents give 

their opinion as to whether prices will go up, down or remain the same. This 

information may be used to give quarterly forecasts of the consumer price in- 

dex. Commonly, the balance of the proportion replying up, over the proportion 

replying down, has been used as a predictor of the magnitude and direction of 

price changes [160]. However, there may exist alternative methods wl-. Lich may 

considerably improve on the use of a simple balance statistic. 

The Carlson and Parkin method [28] assumes that people have a subjective 

distribution for price movements where agents report 'up' or 'down' if the mean of 

their distribution is above or below a threshold level. Given these assumptions, 

an alternative type of balance statistic can be constructed, and the thresholds 

estimated in a regression framework. 

Within the Carlson-Parkin Fýamework, the distribution of mean inflation ex- 
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pectations has been assumed to be normal. It is advantageous to build a more 

general framework which nests the normal distribution as a special case, and 

allows for skewed and kurtotic distributions of price changes across the sample 

group. Here, the Carlson-Parkin method is extended using the first two com- 

ponents of the Cornish- Fisher expansion [46]. This expansion allows for mildly 

skewed and kurtotic distributions. The resulting model is non-linear. 

This paper presents evidence that the Carlson-Parkin method is superior to 

the use of a simple net balance of the proportion replying 'up' over 'down' using 

non-nested tests [441. The extended model is estimated and no evidence is found 

in favour of the hypothesis that subjective distributions of price changes of agents 

are skewed or kurtotic. 

8.2. Theoretical FYamework 

Carlson and Parkin rationalised the use of their method where agents were asked 

about their expectations of future general price rises. This rationalisation is 

not strictly appropriate when using QSBO data, since business people are asked 

about future price changes in their industry, not the general price level. Below, 

an alternative approach is given using the idea that since there are costs of price 

adjustment, there is a wedge between optimal and actual price changes. Business 

people are assumed to have a preferred optimal price, but make discrete price 

changes when there is a sufficient gap between the preferred and optimal price. 

8.2.1. Notation 

In the following Dt, f Utj will denote the Proportion of Respondents in Survey 

replying 'down' f 'up'J. The Optimal proportional price adjustment for the ith 

firm at time t, given zero adjustment costs will be denoted as ibi, t. The actual 
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proportional price adjustment for the ith firm at time t is denoted without the 

accent wi, t. The inflation rate at time t will be denoted as '7rt. The indicator function 

, ýj, t takes the values 0 or 1. 

8.2.2. Assumptions 

Assumption 1. Firms make a full adjustment to the optimal price or leave price 

constant: wi, t = -yi, tii)i, t. 

Assumption 2. There are thresholds within which the costs of adjust- 

ment, outweigh the costs imposed by non-optimal pricing: -yi, t =I where tbi, t ý: 

6(+), and ? bi, t < -6(-) -ýj, t =0 where -6(-) < ibi, t < 6(+). 

Assumption 3. The natural log of the mean optimal price adjustment of 

the sample group is equal to the inflation rate: ? bit = 7rt + vi, t; E(vi, t/7rt) =0 

and E(vi' 7rt) = yp j=2,3,4 Vt. 
T, t/ 

Assumption 4. There exists a known function F, defined fully by its 

first four moments, which approximates the cumulative distribution function of 

v', ' - Pr ob v, t < zt =: F (zt, 3) =- F(zt, 4) E)). 
V /12 r/12 V 12q 

Assumption 5: Respondents know, with perfect certainty, ibi, t . 
It follows in 

conjunction with assumptions (1-5) that respondents reply 'Up' if v"t > 5(+) -7rt 
N/112 - VA2 

and 'Down' if v, t 
-< 

-'5(-) -7r' 
, Therefore, the sample proportions can be used as Vý/12 - vf/-l 2 

estimates of the population proportions: 1-Ut -- F 4b, E)) and, Dt - 
( 

V/A2 

V//12 

8.2.3. The Regression Model 

For an assumed form of F and given values of 4), (9 then define: z,,, t = F-1(1 - 
Ut, 4), E)); and, zd, t = F- 1 (Dt, 4ý, 0) - 
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Solving Simultaneously yields 

Irt =x 
Zd, t + Zult 

(8.1) 
Zd, t - Zu, t 

This suggests that the specification of a regression function is 

7rt =a+, 3. Xt((D, E)) + et, (8.2) 

where: a- 45(+)-45(-). 0= 45(+)+45(-). Xt((pl E)) - 
Zd, t+Zu)t. 6(+) = Ce 
Zd, t-Zu)t 1 )3; 

and, 6(-) =, 3 - a- 

8.2.4. The Specification of Skewness and Kurtosis 

Under the assumption that F(z, F(z, 0,0) =1fz,,.,, exp (_X2 )dx, the model vI 27r 

above reduces to the standard Carlson-Parkin model while allowing for non- 

symmetric thresholds. However, moderately skewed and kurtotic distributions 

can be approximated by using the first two terms of the Cornish-Fisher expan- 

sion [46] by taking (for k=d, Jul): 

I fZk, t 
_X2 Zk, t 

(0) 0) such that 72- 
(0'0) 

exp )dx = Dt, 11 - Utj; 
7r 

and, 

2+ý (Z3, 
t 
(0,0) Zk, t((I)i 6) = Zk, t(07 0) +1Z t(o, 

0) -I) 24 k- 
3Zk, t) 6(k 

8.3. Empirical Section 

8.3.1. The Data Source 

(8.3) 

The conception of the Quarterly Survey of Business Opinion was in June 1961. 

There were originally 680 respondents, and the sample group has been maintained 

at over 400. It has a large firm bias, and the approximate proportions in the 

survey are Manufacturers 45%, Merchants 26%, and Services 23%. The data 

used in this paper are from the first quarter of 1970 to the third quarter of 1992 
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from the expected selling price, in the 'Economy Wide' section of the QSBO (see 

[22]). 

8.3.2. Univariate Behaviour of the Data 

The existence of unit roots in the data may invalidate standard inferential pro- 

cedures. The consequences of unit roots at the zero frequency have been studied 

extensively by Park and Phillips[1391. More recently unit roots at seasonal fre- 

quencies have been the focus of research [87]. The HEGY tests (not presented 
here) rejected unit roots at all frequencies at the 5% level of significance and 
below. For full details of the tests see [87]. 

8.3.3. Models 

In this section three models are specified. Model One is the standard Carlson- 

Parkin model (equation8.2). This specifies the skewness and kurtosis of the vari- 

ates generating the regressor as zero. Model Two is the standard Balance Statistic 

model . 
This uses the net balance of proportions replying 'up' over 'down' as the 

regressor. The generalised version of the Carlson-Parkin model (equation 8.2), 

using variates generated from equations 8.3 is the final model (Model Three). 

Model One. 7rt =a+, 3. Xt(0,0) + et 

Model Two. 7rt =a+, 3. (Ut - Dt) + et 

Model Three. 7rt =a+, 3. Xt(1P, 6) + et 

Clearly, the first model is a nested version of third, while the second model is 

not a nested version of either. I. 

'Note: Seasonal Dummies could also be added to these models. However, the restriction of 

no seasonal dummies was not rejected for all three models. These tests are also presented in the 

next section. 
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8.3-4. Estimation Results 
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The full results for all the models are presented in Tables 8.1,8.2 and 8.3. The 

diagnostic tests are produced in 8.2. These include tests for serial correlation, 

heteroscedasticity and ARCH, along with tests for parametric stability, and spec- 

ification. For further details of these tests see [145]. 

All models do well according to the diagnostic tests. However, Model 2 fails 

the test of functional form (the Reset test). The test for the restriction of Model 

3 to Model 1 (4) = 19 = 0) is not rejected. Therefore, the extension of the 

Carlson-Parkin model to allow for skewness and kurtotic distributions, is offered 

no support. 

The encompassing testS2 in Table 8.3 uniforn-Ay suggest that Model I dom- 

inates Model 2. The large values in the first column suggest that there is only 

weak evidence against the hypothesis that the Carlson-Parkin model encompasses 

the balance statistic model. The small values in the second column suggest that 

there is strong evidence against the hypothesis that the balance statistic model 

encompasses the Carlson-Parkin model. 

8.4. Summary 

The results suggest that the standard Carlson-Parkin model is the best model. 

Statistical tests cannot reject the reduction of the model to one in which the 

variates are generated from a normal distribution, and it dominates the balance 

statistic model. The Carlson-Parkin model passes all diagnostic tests. The hy- 

pothesis that the intercept term is zero is rejected, suggesting that the thresholds 

are not symmetric ( something which is assumed in the original Carlson-Parkin 

'See Pesaran and Pesaran [145]. 
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Table 8.1: Parameter Estimates 
Model 1 Mode12 Model 3 
0.00697 0.00536 0.00836 

t( a=O) 3.76 2.607 3.44 
Beta 0.01635 0.041841 0.0130 

t03=0) 11.58 11.0994 2.38 
4D . 4472 
t(40=0) 

. 284 
E) 

-. 278 
t(0=0) -1.50 
R2 0.626 . 606 0.630 
F (No Regression) 134-19 123.19 44.355 
No Seas Dummies)** 0.147 0.212 0.134 

. 775 
"The Values Presented are the Prob Values associated with the Wald test 

Table 8.2: Diagnostic Tests 
Null Hypothesis Model I I Model 2 1 M: o: d: ýel ý3 

Serial Independece . 760 . 302 . 869 
Homoscedasticity . 468 . 346 . 504 
Correct Functional Form . 669 . 085 . 302 
Normality . 548 . 836 . 443 
NoARCH . 504 . 464 . 446 
Constant paramaters . 746 . 812 

*All values are for the Prob values associated with LM test given by Microfit 

Table 8.3: Non-Nested Tests 
MI-M2 1M 

N Test . 984 . 028 
J Test . 985 . 039 
Encompassing . 984 . 042 

188 
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approach) - The estimate of the upper threshold is approximately 0.023 and the 

lower - 0.01. The interpretation offered is that producers will allow, on average, a 

positive 2.3% wedge between their optimal price and actual price before adjust- 

ing prices upwards, but only a I% negative optimal price wedge before reducing 

prices downwards. This asymmetric result is of considerable interest. Arguably, 

the upper threshold should be less that the lower threshold (in absolute value), 

since over pricing is steadily eroded by inflation. Conversely, it could be argued 

that temporary over pricing may induce a loss of market share which may be hard 

to regain, leading producers to be extremely sensitive to over pricing. This result 

is inconsistent with the Keynesian view of downward price 'stickiness'. Price ex- 

pectations data from other countries could be used to examine this issue further. 
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