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A NEW STRATEGY FOR TESTING CONVERGENCE IN TASTES

INTRODUCTION TO THE PROBLEM

Differences in food consumption across regions or countries may arise from many sources;

although some have questioned the fact that tastes may change easily and differ across individuals

(Stigler and Becker, 1977), different demographic structure may explain differences in consumption.

Nevertheless, a frequent claim is that (food) consumption patterns converge, and that the increasing

internationalisation of economies produces a process of globalisation in tastes: however, this claim is

not supported by rigorous empirical evidence of a process of (long-run) convergence in tastes, that is a

convergence path in the response of food consumption to changes in economic factors (prices and

income). The existence of a process of convergence in food consumption patterns, and therefore a

process towards globalisation in diet, has some relevant practical implications, for marketing strategies

and political economy; unfortunately, we do not have much research on this subject, mainly because

there is not much consensus on what convergence means within applied consumer’s theory.

METHODOLOGICAL ISSUES

We have some research on convergence in food consumption, mainly borrowing methodology

from the issue of convergence in neoclassical growth model. As an example, see the work by Gil et al.

(1995), where they rely on the notion of sigma- and beta-convergence borrowed by Barro and Sala i

Martin (1992). On the other hand, comparisons of cross-country consumption patterns have looked for

the existence of a common structure in preferences (i.e. testing the same parametric structure for

demand systems),  which is a stronger notion than that of convergence. Recently, Gil et al. (1999) have

proposed an alternative test for convergence, based on the existence of a long-run equilibrium (i.e. a

cointegrating relationship) between corresponding elasticities estimated from parametric demand

systems.
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The starting point is the estimation of a demand system for the regions/countries of interest. We

may start from a common flexible specification of a demand system, that is the linear specification of

the Almost Ideal Demand System (AIDS) of Deaton and Muellbauer (1980); our testing strategy can be

in principle extended to more flexible functional specifications.

Modelling time-varying preferences

The prior belief that a process of convergence in tastes may occur does also imply that tastes may

change over time, thus that structural change may be present in demand analysis. The issue of structural

change in demand has been largely analysed in empirical work on food demand (see Moschini and

Moro for a survey), and of course it is still an open question if structural change can be even detected

empirically: it is important that the estimated model is the most assumption-free that it can be, thus that

the model is statistically adequate to the underlying data.

Given our beliefs, a plausible expectation is that structural parameters are not constant through

time; thus a time-varying version of a demand model may be more suitable. In a time-varying version,

some or all of the coefficients have a stochastic formulation: thus, we need to specify a stochastic

process for the vector of coefficients of the model.

In our paper, we refer to the structural approach to time series modelling (Harvey, 1989), where

time series models are formulated in terms of (unobserved) components. The basic model decomposes a

time series in three stochastic components: a time trend component, a seasonal component and a random

component. Furthermore, the model can be extended by adding some (weakly) exogenous variables.

This approach can be employed in the specification of a demand system, like the AIDS.

Starting from an expenditure function of the PIGLOG form, by using the Shephard’s lemma, the

structural specification of the (linear) AIDS can be written as (Mazzocchi, 2000):
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where ttititi mqpw /,,, = is the expenditure share for product i  at time t , tm is income, tip , is the price of

product i , tiq , is the quantity of product i , *
tP  is the Stone price index,  [ ]titi ,, φα  are the trend and

seasonal component, and [ ]titij ,, βγ  are other model coefficients.

We specify ti ,α as a local linear trend:
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where ti,1ω  and ti,2ω are white-noise errors independently distributed: while ti,1ω  affects the trend level,

ti,2ω affects only its slope. Seasonality is specified in terms of seasonal dummies:

(3) ∑
−

=
− +=

1

1
,3,,

s

j
tijtiti ωφφ

where s is the periodicity within a year, and the sum of seasonal effects over one year is constrained to

zero.

Furthermore, the coefficients [ ]titijti ,,, βγθ =  are allowed to be time-varying: here we assume a

random walk specification (see also Leybourne, 1993):

(4) tititi ,1,, ξθθ += −

where ti,ξ is a white noise error term.

Theoretical restrictions, in the structural time-varying version of the AIDS model, will imply the

following set of parametric restrictions (Doran and Rambaldi, 1997):
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Estimation techniques

Maximum likelihood estimation of the structural model can be obtained by rewriting the model in

the state space form and applying Kalman filtering and smoothing techniques. The state-space form of a
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demand system in budget shares requires a measurement equation, describing how observed data are

generated from the state variables,  and a transition equation, describing the evolution of a set of state

variables:

(6)
itittit

itt
T
itit zw

ηϕϕ

νϕ

+Γ=

+=

−1

where [ ]titijtiti
T

ti ,,,,, βγφαϕ =  is the (state) vector of coefficients, at time t  for the generic equation i,

and Γ  is the transition matrix, while ti,ν  and ti,η  are error terms with zero mean and covariance

matrices ti,Ν and ti ,Η . A further simplification can be introduced by assuming that the error covariance

matrices ti,Ν and ti ,Η are time invariant.

In this form, the model can be estimated by using Kalman filter techniques (for details, see

Harvey, 1989: chapter 3). The Kalman filter algorithm is a recursive procedure for computing optimal

estimates of the state vector at time t  using all available information: it needs to be started by providing

some initial values. On the other hand, the Kalman smoother is a backward procedure that, starting from

the estimates of the state vector obtained from the Kalman filter, produces smoothed estimates.

The maximum likelihood smoothed estimates are obtained through an iterative procedure, namely

the EM (estimation+maximisation) algorithm by Dempster et al. (1977), whose application in time-

varying model is illustrated by Shumway and Stoffer (1982) and Watson and Engel (1983). Starting

with initial values for the state vector 1, its covariance matrix and ti,Ν and ti ,Η , the following steps are

iterated:

i) through the Kalman filter, we obtain filtered estimates of the state vector and its covariance

matrix;

ii) through the Kalman smoother, we obtain smoothed estimates for all time periods;

                                                                
1 Results depends on the initial values, and this is certainly a critical point in the application of this technique. However,
one can form reasonable assumptions on the initial values and the covariance matrices (i.e. use estimate of a constant
coefficient model) and the iterative ML procedure should reduce (or even eliminate) the initial values bias; in
alternative, we can start with a diffuse prior (i.e. setting the starting values for the parameters to zero and take very large
covariance matrices): see Koopman (1997), Ansley and Kohn (1990), and de Jong (1991 and 1988).
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iii) by maximising the log-likelihood function conditional to the smoothed estimates, we obtain new

estimates for ti,Ν and ti ,Η ;

iv) we go back to step i), until convergence is reached.

Defining convergence

In rather general terms, we define convergence as “a tendency toward equalisation” (Gil et al.,

1999); in our case, we look for convergence in tastes, thus for a tendency towards tastes’ equalisation.

As commonly assumed in empirical analysis of structural change, changes in tastes will reflect in

changes in structural parameters of the estimated model. The intuition is that of looking at the evolution

of structural parameters through time and looking for some kind of evidence of a convergence process.

In the literature, we have different definitions of convergence. For example, Bernard and Durlauf

(1995) have introduced a notion of convergence that relies on the notions of cointegration and unit

roots: this notion has been recently applied by Gil et al. (1999) in consumption analysis. Their definition

of convergence is as follows: taking two time series, try ,  and tsy , , we have convergence if the long-

term forecasts of both series are equal at a fixed time t , that is:

(7) 0)|(lim ,, =− ++
∞→

tktsktr
k

IyyE

where  tI  is the information set at time t . Thus, we have convergence if the difference in the series is a

zero-mean stationary process, i.e. if the series try ,  and tsy ,  are cointegrated, with cointegrating vector

[ ]1,1 − . Thus cointegration is only a necessary condition for convergence, according to the definition in

Bernard and Durlauf (1995). The extension to the multivariate case (i.e. more than two series), is

straightforward: given p time series, they converge if:

(8) 0)|(lim ,,1 =− ++
∞→

tktrkt
k

IyyE pr ,...,2=

 A weaker condition for convergence is based on the existence of common trends in the series, i.e.

cointegration between series: according to Bernard and Durlauf (1995), this means that the two series
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may still respond to the same long-run driving processes. Thus, two time series, try ,  and tsy , , contain a

common  trend if their long-term forecasts are proportional at a fixed time t , that is:

(9) 0)|(lim ,, =− ++
∞→

tktsktr
k

IyyE λ

i.e. the two series are cointegrated with cointegrating vector [ ]λ−,1 . The multivariate counterpart

requires that the p series show multiple cointegration2.

A different definition of convergence is related to classical work of Baumol (1986) and Barro

(1991), that is convergence as catching-up; according to this definition, convergence is a tendency of

time series differences to narrow over time; Bernard and Durlauf (1995) provide a formal definition:

two time series, try ,  and tsy , , converges between dates t  and qt +  if their deviation is expected to

decrease. It is a weaker notion of convergence (in fact, it can be shown that definition in (7) implies

convergence as catching-up), but it may be worthwhile to be investigated when time series do not

converge according to stronger definitions.

In our paper, we test first the convergence hypothesis as defined in Bernard and Durlauf (1995)

and given the estimation of a time-varying structural model, the idea is that of looking to a process of

convergence between correspondent estimated parameters, treated as time series3. Thus, we apply the

two notions of convergence to time-varying parameters for a food demand system estimated separately

in different geographic areas in Italy (North East, North West, Centre, South).

EMPIRICAL APPLICATION

We have applied our methodology to data obtained from the survey on Italian households’

monthly expenditures conducted by ISTAT (National Institute of Statistics); the period is from 1987 to

                                                                
2 Bernard and Durlauf (1995) discuss a potential difficulty with this approach, that may be of relevance in empirical
analysis: the presence of a transitional component in time series, due to the possibility that the series have not reached
yet the steady-state distribution. In this case unit roots tests may erroneously accept the null hypothesis of no-
convergence.
3 We are aware of the potential bias in applying our procedure to estimated series of parameters: since parameters are
obtained from the estimation of a stochastic model, it is somewhat heroic to assume that they are the result of a
stochastic Data Generation Process: thus asymptotic properties and inference of common unit-roots and cointegration
tests will be affected.
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1996 (120 observations). The survey provides information on households’ expenditures and on

households’ demographic characteristics. We have considered four different geographic areas: North

West (NW), North East (NE), Centre (CE), South (SO). Since the survey just provides data on

expenditures, prices are monthly consumption price indices on a national level, from ISTAT: they are

equal for every longitudinal observation. We have obtained a 4-good demand system for food: meat and

fish (MF), dairy (DA), fruit and vegetables (FV), other food (OF).

A (conditional) structural linear AIDS for food has been estimated separately for each

geographic area. We have estimated the structural time-varying system without imposing symmetry, and

thus applying maximum likelihood methods on single equations, using the Kalman filter algorithm; the

parameters of the OF equation were retrieved by the homogeneity and adding-up conditions.  In table 1

we report the prediction error variances4 for the estimated equations, which are globally satisfactory.

Estimates of the structural components (intercepts and trend) and time-varying parameters are

graphed in Figure 1-4. Although the scale is misleading and it does not allow to identify all the time

patterns, one can clearly see that the time varying model is especially important to detect the relevant

changes in the intercept (share), trend and expenditure parameters.  On the contrary, price parameters

tend to be much more stable over time, without any apparent convergence pattern. This general

behaviour is also clear if one considers means and standard deviations of the time-varying parameters,

reported in table 2.

To test the hypothesis of convergence in tastes among the four geographical areas, we have fist

carried out unit root tests on all the estimated series of time-varying parameters: the results of the

Phillips-Perron tests, reported in table 3, fail to reject the null of a unit root for all the parameters

considered. This is clearly not surprising, since, in our model, we have assumed a random walk

specification for the estimated parameters.

Thus, we can test our basic hypothesis relying on the notion of cointegration, as illustrated in the

previous section. The results of the cointegration tests are reported in table 4: for all the estimated

                                                                
4 The prediction error variance is usally computed as a goodness of fit measure for time series models, as the coefficient
of determination is not particularly indicative, especially when working with non stationary time series (Harvey, 1989,
p. 268). The p.e.v. is the variance of the one-step-ahead prediction errors.
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parameters, except one (the dairy price parameter in the meat equation), the Johansen trace test rejects

the null hypothesis of absence of cointegrating vectors (rank of the impact matrix equal to 0) 5, i.e.

different areas may respond to the same long-run driving process. However, the presence of common

trends among parameters is the only conclusion that we can draw in this respect, since, for all the cases,

we reject the hypothesis that the cointegrating vector is [1 –1] for three possible pairs of corresponding

parameters. Our results seem to reject the hypothesis of convergence in tastes in Italy, although we have

some evidence from multiple cointegration tests that different areas may respond to the same long-run

driving process, i.e. the series have a common trend6.

CONCLUDING REMARKS

In this paper we have considered the issue of convergence in tastes, to check the common belief of

the existence a process of diet globalisation. Differences in diet, i.e. in food consumption patterns, may

be due to different economic conditions and/or to different tastes among individuals (countries): tests of

equal tastes among countries or geographic areas have normally rejected the hypothesis of common

tastes (i.e. same structural parameters: see Moro and Sckokai, 1999). On the other hand, the idea of taste

globalisation relates to the issue of structural change in economic models: in this situation, a suitable

approach to economic modelling requires that structural change will be taken into account.

If tastes change, structural parameters in demand models are not constant through time; then, a

time-varying coefficient demand system provide a route for solving the problem: convergence in tastes

implies the existence of some converging patterns in the series of estimated parameters. Therefore, we

have applied some recent notions of convergence, that link convergence and cointegration, to the time

series of time-varying parameters obtained from the estimation of a structural demand model, in

Harvey’s sense, with additional exogenous variables.

                                                                
5 Some of the results of the Johansen test are not coherent with the results of the unit root tests, since, for some
parameters, we obtain a full-rank impact matrix, which implies stationarity of the series. This may be a result, once
again, of our specific application of cointegration analysis(see footnote 3).
6 According to Bernard and Durlauf (1995) this means that “they may face the same permanent shocks with different
long-run weights”.
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Our empirical application has mainly illustrative purposes. Our results seem to reject the

hypothesis of convergence in tastes in Italy, although we have some evidence from multiple

cointegration tests that different areas may respond to the same long-run driving process, i.e. the series

have a common trend. However, we must add some final remarks.

First, cointegration tests relate to a strong notion of convergence; some further analysis, using

weaker notions of convergence (i.e. convergence as catching-up) may provide some further insight.

Second, the extension of cointegration analysis on time series to our case is not straightforward; since

parameters are obtained from the estimation of a stochastic model, the assumption that they are the

result of a stochastic Data Generation Process is of course questionable. In this case, usual critical

values for cointegration tests are not valid, and inference is affected, unless we derive proper critical

value via Monte Carlo techniques.
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Figure 1: Time-varying parameters for the “Meat and fish” equation
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Figure 2: Time-varying parameters for the “Dairy” equation
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Figure 3: Time-varying parameters for the “Fruits and vegetables” equation
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Figure 4: Time-varying parameters for the “Other food” equation
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Table 1: Prediction error variance for the estimated equations

Geographic area
NW NE CE SO

MF equation 0.0005362 0.0005940 0.0004232 0.0002291
DA equation 0.0003296 0.0004514 0.0001808 0.0000934
FV equation 0.0002090 0.0003257 0.0001389 0.0000790
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Table 2: Descriptive statistics for the time series of time varying parameters: mean values and standard
deviations (1987-1996)

Geographic area
NW NE CE SO

MF equation Intercept 0,329608 0,324294 0,375876 0,446563
(0,00591) (0,00696) (0,00594) (0,00450)

Trend -0,000597 -0,000661 -0,000541 -0,000424
(0,00003) (0,00004) (0,00003) (0,00002)

MF price -0,146523 -0,151161 -0,242161 -0,102849
(0,00118) (0,00171) (0,00139) (0,00087)

DA price 0,159210 0,162816 0,199031 0,139700
(0,00117) (0,00170) (0,00138) (0,00086)

FV price -0,015350 -0,055776 0,021249 -0,141132
(0,00118) (0,00171) (0,00139) (0,00086)

Expenditure 0,030467 0,168472 0,155110 0,018085
(0,01643) (0,02477) (0,02457) (0,01863)

DA equation Intercept 0,139480 0,052115 0,105532 0,093182
(0,00417) (0,00344) (0,00363) (0,00366)

Trend 0,000330 0,000198 0,000259 0,000280
(0,00002) (0,00002) (0,00002) (0,00002)

MF price 0,105610 0,147062 0,142935 0,101895
(0,00098) (0,00098) (0,00089) (0,00085)

DA price -0,073394 0,008016 -0,052365 -0,075662
(0,00097) (0,00097) (0,00088) (0,00084)

FV price -0,018631 -0,045267 -0,068301 0,014689
(0,00098) (0,00098) (0,00089) (0,00084)

Expenditure -0,044472 -0,253391 -0,120778 -0,182090
(0,01528) (0,01714) (0,01762) (0,02008)

FV equation Intercept 0,131925 0,195304 0,169471 0,144307
(0,00344) (0,00232) (0,00213) (0,00227)

Trend -0,000068 0,000033 -0,000076 -0,000090
(0,00002) (0,00002) (0,00001) (0,00002)

MF price -0,012455 -0,036698 -0,000567 -0,124445
(0,00098) (0,00075) (0,00065) (0,00068)

DA price -0,008497 -0,032667 -0,021988 0,070225
(0,00097) (0,00074) (0,00065) (0,00067)

FV price 0,031523 0,022000 -0,004687 0,040352
(0,00098) (0,00075) (0,00065) (0,00068)

Expenditure 0,001423 0,016918 -0,011375 0,005981
(0,01714) (0,01351) (0,01430) (0,01831)

OF equation Intercept 0,398987 0,428286 0,349122 0,315948
(0,00801) (0,00810) (0,00728) (0,00623)

Trend 0,000335 0,000431 0,000358 0,000234
(0,00004) (0,00005) (0,00004) (0,00003)

MF price 0,053368 0,040796 0,099794 0,125399
(0,00182) (0,00211) (0,00177) (0,00139)

DA price -0,077319 -0,138166 -0,124678 -0,134263
(0,00180) (0,00209) (0,00176) (0,00138)

FV price 0,002457 0,079042 0,051740 0,086091
(0,00182) (0,00211) (0,00177) (0,00138)

Expenditure 0,012582 0,068001 -0,022958 0,158023
(0,02823) (0,03301) (0,03345) (0,03295)
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Table 3: Unit root tests on time-varying parameter estimates*

Geographic area
NW NE CE SO

MF equation Intercept 0.9747 0.9929 0.6701 0.9744
Trend 1.0000 0.9539 0.9963 0.9998
MF price 0.9701 0.9933 0.6782 0.9741
DA price 0.9672 0.9921 0.6744 0.9732
FV price 0.9621 0.9957 0.6419 0.9774
Expenditure 0.9987 1.0000 0.9998 0.9845

DA equation Intercept 0.9990 0.9998 0.9888 0.9028
Trend 0.9284 0.8591 0.9611 0.9997
MF price 0.9984 0.9995 0.9886 0.9036
DA price 0.9987 0.9995 0.9874 0.9031
FV price 0.9943 0.9995 0.9910 0.9016
Expenditure 0.9860 0.8419 0.8602 0.9990

FV equation Intercept 0.9811 0.9938 0.9696 0.9546
Trend 0.9797 0.9688 0.9992 1.0000
MF price 0.9769 0.9883 0.9702 0.9521
DA price 0.9717 0.9856 0.9702 0.9543
FV price 0.9632 0.9896 0.9716 0.9536
Expenditure 0.9991 0.6813 0.6406 0.9991

OF equation Intercept 0.9500 0.9968 0.9645 0.9899
Trend 1.0000 0.8561 1.0000 0.9958
MF price 0.9187 0.9796 0.9684 0.9914
DA price 0.9167 0.9818 0.9666 0.9910
FV price 0.9110 0.9858 0.9714 0.9925
Expenditure 0.9565 0.9868 1.0000 0.8030

*P-values for the Phillips-Perron test
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Table 4: Convergence and cointegration tests

Multiple cointegration
tests on all four

parameters*

Convergence tests on pairs of
parameters**

NW-NE NW-CE NW-SO

MF equation Intercept Yes 0.8361 0.9828 0.9763
Trend Yes 0.9997 0.9999 0.9429
MF price Yes 0.7570 0.9806 0.9521
DA price No 0.7559 0.9785 0.9477
FV price Yes 0.7427 0.9796 0.9557
Expenditure Yes 0.8344 0.9999 0.9775

DA equation Intercept Yes 1.0000 0.9967 0.9502
Trend Yes 0.8237 0.9106 0.9986
MF price Yes 0.9999 0.9960 0.9505
DA price Yes 0.9999 0.9955 0.9503
FV price Yes 0.9999 0.9966 0.9413
Expenditure Yes 0.9777 0.9416 0.9522

FV equation Intercept Yes 0.9992 0.9876 0.9873
Trend Yes 0.9614 0.9957 0.9996
MF price Yes 0.9986 0.9881 0.9860
DA price Yes 0.9984 0.9862 0.9825
FV price Yes 0.9991 0.9896 0.9845
Expenditure Yes 0.9158 0.9864 0.8890

OF equation Intercept Yes 0.7244 0.9197 0.7653
Trend Yes 0.9982 0.9999 0.9960
MF price Yes 0.4857 0.7894 0.7636
DA price Yes 0.4893 0.7866 0.7542
FV price Yes 0.7429 0.8187 0.8578
Expenditure Yes 0.9863 0.9997 0.8069

*Presence of at least one cointegrating vector in the Johansen trace tests
**P-values for the Phillips-Perron tests on residuals from the [1 -1] cointegrating regression


