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The Informational Fit and Maximum
Likelihood in a Pooled Cross-Country
Demand System with Autocorrelation

Dongling Chen and James L. Seale, Jr.

We fit the Florida Model with an AR(1) error structure to pooled cross-country International
Comparison Project (ICP) data of Seale, Walker, and Kim and estimate the model with the
minimum information (MI) estimator. Point estimates obtained by MI are similar in value
to those obtained by Seale, Walker, and Kim with maximum likelihood (ML). Two similar
simulations but with different sample sizes are conducted o compare the relative efficiencies
of MI and ML with known and unknown (MLU) covariances. In the larger sample, the
MLU is more efficient in terms of root-mean-squared errors (RMSEs) than the MIL. Note-
worthy, in the small sample, the M1 is more efficient in terms of RMSEs than MLU, even
though MLU explicitly accounts for AR(1), whereas the MI does not. These results corre-
spond to earlier findings of Theil for time-series and cross-sectional data.
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Theil published four papers in 1984 (i.e., Fink,
Floyd, and Theil; Flood, Finke, and Theil;
Finke and Theil; Theil, Finke, and Flood) on
the informational fit of demand systems. These
papers were concerned with the efficiency of
the maximum likelihood (ML) estimator in de-
mand systems as well as the informational fit
of these systems for individual-country anal-
yses using time-series data.

In 1996, Theil published with Chen a pa-
per, ““The Informational Fit of a Cross-Coun-
try Demand System,” as Chapter 4 of his last
book, Studies in Global Econometrics. In that
chapter, Theil and Chen summarized the re-
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sults of Theil’s previously published work on
the informational fit of demand systems and
extended that work further by comparing the
ML estimator and the minimum information
(MI) estimator in a cross-country demand sys-
tem with cross-sectional data. The chapter also
includes discussion of informational inaccu-
racies and of Stoebel measures as a means to
measure the fit of cross-country demand sys-
tems and to identify outliers. In the appendi-
ces, Theil and Chen discussed elements of sta-
tistical information theory, provided a
description of the International Comparison
Project data for Phases II, III, and IV, dis-
cussed the elements of utility theory, and de-
scribed the estimation procedure.

In the last section of the chapter, Theil and
Chen made several suggestions for further re-
search, one of which was the investigation of
the efficiency of the ML estimator by compar-
ison with the MI estimator when cross-country
data are pooled over time and when persistent
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cross-country differences in consumer prefer-
ences are taken into account with an autocor-
relation process. In the present article, we do
just that. Specifically, we fit the Florida model
with an AR(1) error structure to the pooled
cross-country data of Seale, Walker, and Kim
for an 11-good demand system. We estimate
the model with the MI estimator and compare
our parameter estimates to those obtained by
Seale, Walker, and Kim with ML, The MI es-
timator is covariance free and does not explic-
itly account for autocomrelation, whereas the
ML procedure does. Next, we perform two
simulation experiments to compare results from
MI and ML with known and unknown covari-
ances. In the first simulation, the pooled data
set is relatively large (96 observations), where-
as, in the second, the data set is significantly
smaller (18 observations).

Estimating the Florida Model

The Florida Model was originally developed
by Theil, Chung, and Seale and named the
Working preference independence model.
Seale, Walker, and Kim renamed it the Florida
model at the suggestion of Henri Theil in the
tradition of naming differential demand sys-
tems by the place at which they were devel-
oped (e.g., Rotterdam model, Theil 1965; Cen-
tral Bureau of Statistics model, Keller and van
Driel; and National Burean of Research mod-
el, Neves). Theil also referred to the model in
later writing as the Florida model (e.g., Theil
1997; Theil and Chen).

Let w, be the budget share of good i in
country ¢, g, the log of real per capita income
of country ¢, p,. the price of good i in country
¢, and pj, the geometric mean of the prices of i
in all countries. The Florida model for a cross-
country demand system can be written as

ey w, = a; + Big, + (o; + Biq.)
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where @ is the income flexibility; g* = ¢g. +
1; and the error vector (g,,, &,., . - -) has mean
zeros and covariance ().

Model (1), the Florida model, was origi-
nally designed for a demand system with N
different countries at a specific time. If there
are two or more periods, the error term is as-
sumed to follow an AR(1) scheme

(2) &y = Tsc.:wl + Ver

where £, is an error vector of n commodities
in country ¢ and time # ¢+ — 1 and ¢ refer to
two successive periods, whereas v, is iid
NO MDoforder (n — 1) X Tand -1 <7 <
1.! As stated earlier, the AR(1) process ac-
counts for persistent cross-country differences
in consumer preferences.

Using data from the International Compar-
ison Project (ICP) for 1970, 1975, and 1980,
Seale, Walker, and Kim fitted the Florida mod-
el to an 11-good system and estimated it by
ML, independently for 1975 and 1980, and
jointly for all three periods.? The sample sizes
for 1975 and 1980 were 30 and 24, respec-
tively, and 96 for the pooled estimation. The
ML estimates for the pooled data are repre-
sented in column 2 of Table 1 and are taken
from column 4 of table 1 in Seale, Walker, and
Kim.

ML has well-known optimal properties for
large samples under appropriate conditions,
but there are always questions regarding ML

and the size of the sample. For example, Theil

and Chen, among others, found the sampling
variances of the ML parameter estimates to
increase as the number of equations increases
and as the sample size decreases; in these cas-
es, the asymptotic variances have a strong ten-
dency to underestimate the true variances.
The MI procedure is as follows (Theil and
Chen). Assume that suitable data exist for N
countries (¢ = 1, ..., N). Let 8 be the param-
eter vector of the model and write w,(8) for
the predicted per capita budget share of good

| Because of the adding-up restriction, we estimate
the demand system with only » — 1 equations (Barten).

2 See the appendix in Seale, Walker, and Kim for
a description of the ML estimation procedure with au-
tocorrelation and unbalanced pooled data.

"%
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Table 1. Pooled Estimates of the Florida Model (Asymptotic Standard Errors in Parentheses)

Good or Parameter ML* MIt
1) (2) (3)
Income flexibility ¢ —0.664 (0.026) —0.589
Coefficient B,
Food —0.139 (0.008) —0.142
Beverages, tobacco 0.001 (0.004) —0.001
Clothing, footwear —0.006 (0.003) —-0.003
Gross rent, fuel 0.019 (0.004) 0.024
Energy 0.015 (0.003) 0.015
House furnishing 0.018 (0.003) 0.022
Medical care 0.019 (0.003) 0.024
Transport, communications 0.023 (0.005) 0.016
Recreation 0.018 (0.003) 0.019
Education 0.002 (0.005) —0.004
Other 0.030 (0.005) 0.031
Coefficient o
Food 0.171 (0.010) 0.163
Beverages, tobacco 0.057 {0.005) 0.055
Clothing, footwear 0.080 (0.004) 0.081
Gross rent, fuel 0.102 (0.005) 0.107
Energy 0.069 (0.004) 0.068
House furnishing 0.089 (0.004) 0.093
Medical care 0.084 (0.004) 0.089
Transport, communications 0.095 (0.006) 0.089
Recreation 0.066 (0.003) 0.069
Education 0.063 (0.005) 0.059
Other 0.124 (0.006) 0.126
T 0.711 (0.022) NAZ

* ML is maximum likelihood. The estimates in this column are from Seale, Walker and Kim, Table 1, cclumn 4, p. 36.

+ MI is minimum information.
i NA = not applicable.

i in country ¢ when the model uses 6 as a
parameter vector. Then

Wi
wic(e)

3) 1@®) = E w,log
i=1

is the information inaccuracy for country ¢
given 0. Naturally, we are interested in mini-
mizing this inaccuracy, at least on average,
over the N countries of the sample. Therefore,
the MI estimate of 0 is obtained by minimizing

- 1\ &
@ I = (;,) 2 1(0)

with respect to 6.
The Florida model with AR(1) specifica-

tion is fit to the pooled cross-country data of
Seale, Walter, and Kim and parameter esti-
mates are obtained with MI. These are pre-
sented in column 3 of Table 1. Some differ-
ences between the ML estimates (column 2)
and the MI estimates (column 3) of Table 1
exist. In particular, the estimate of the income
flexibility is —0.66 for ML and —0.59 for M1
Moreover, the ML procedure produces asyrmp-
totic standard errors for its estimates, whereas
MI does not.? Because the MI procedure is
distribution free, the AR(1) coefficient, 7 of
Equation (2), is not involved in the MI pro-
cedure.

3 As shown below, however, root-mean-squared er-
rors can be calculated for the MI parameter estimates,
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A First Simulation Experiment

To compare the two different approaches, we
designed a simulation experiment in which {}
is known, so that three estimation procedures
are available: ML with known {) (MLK), ML
with unknown {)} (MLU), and MI. The simu-
lation design uses true values of the coeffi-
cients (a5, B8, ¢, and 7) and of the covariance
matrix {}. The simulation proceeds as follows:
(1) generate a pseudo-normal random vector
with zero mean and three kinds of covarianc-
es,

, = {) if a country participates

in only one phase,

Q 10

&B=la o

if a country participates in
two phases, and

O 10 120
M 0 0
720 10 O

if a country participates in
three phases;

Q, =

(2) use the true values of the coefficients, the
simulated error vector and model Equation (1)
with Equation (2) to form the simulated value
of the dependent variables; and (3) estimate
Equation (1) with Equation (2) using the ob-
served independent variables and the simulat-
ed dependent variables with three methods:
MLK, MLU, and MI. We repeated this pro-
cedure 1,000 times.

The arithmetic means of these estimates
(not shown here) are all close to the true val-
ues; bias does not appear to be a problem. Ta-
ble 2 presents the root-mean-squared errors
(RMSEs) and the root-mean-asymptotic-
squared errors (RMASESs) of the estimates for
1,000 trials. As can be seen, columns 2 and 3
show the true values and the true asymptotic
standard errors of the estimates; columns 4, 6,
and 8 give the RMSEs around the true values
for MLU, MLK, and MI, respectively; and
columns 5 and 7 present the RMASEs of the
estimates for MLU and MLK, respectively.
Comparing columns 4 and 5, all RMASEs for
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MLU are smalier than the corresponding MLU
RMSEs and the true asymptotic standard er-
rors (except in the case of 1), which indicates
the estimated asymptotic standard errors un-
derstate the true asymptotic standard errors
when the covariance matrix is unknown and
must be estimated. The RMASEs and RMSEs
in columns 6 and 7 for MLK are close to each
other and are close to the true asymptotic stan-
dard errors (column 3). A comparison of col-
umns 4 and 6 indicates that MLK performs
better than MLU, because the pairwise
RMSEs for MLK are smaller than those for
MLU. These results agree with many previous
findings (e.g., Theil and Chen; Theil, Chung,
and Seale). However, the RMSEs in column 8
for MI are substantially greater than the cor-
responding ones in columns 4 and 6 for MLU
and MLK, respectively, which implies that MI
performs the worst among the three estimators
in this particular sample.

The relatively poor performance of the MI
estimator versus the MLU and especially the
MLK estimators could be due to both MLU
and MLK explicitly taking into account the
imposed AR(1) structure of the error term
whereas the MI estimator is distribution free
and does not explicitly or implicitly take the
error structure into account. The other reason
could be due to the relatively large sample size
of the pooled data (96 observations). Theil and
Chen (1995) show that MI performs better
than MLU but worse than MLK for sample
sizes =30. They also show that the superior
performance of MI relative to MLU diminish-
es as the sample size increases.

A Second Simulation Experiment

In the previous section, we found that both
MLU and MLK perform better than M1 for
the pooled data set when the Florida model is
specified with an AR(1) structure. In this sec-
tion, we develop a simulation experiment to
test whether the above results are due to the
autocorrelation specification or the relatively
large sample size (96 observations). Specifi-
cally, we repeat the above simulation but with
a much smaller sample size and retain the
AR(1) specification for MLU and MLK.
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Table 2. A Simulation Experiment for 11 Goods and Pooled Data with 96 Observations

Asymptotic
True Standard MLU* MLK+ MIf
Coefficient or Good Value Error RMSE RMASE] RMSE
(1 %)) 3) ) (5) RMSE RMASE (8)
Income flexibility & —6,639 261 284 237 265 270 386
Coefficient B;
Food 1,387 78 80 74 78 78 87
Beverages, tobacco 8 37 37 35 36 37 41
Clothing, footwear 60 30 31 29 30 30 35
Gross rent, fuel 193 36 37 34 37 37 45
Energy 152 28 29 26 28 28 33
House fumnishing 181 33 35 31 34 33 39
Medical care 192 32 33 30 32 32 40
Transport, communications 232 45 46 43 45 45 52
Recreation 176 25 24 24 24 25 27
Education 19 53 56 49 54 54 67
Other 295 46 47 44 45 46 54
Coefficient «,
Food 1,705 101 105 97 104 99 110
Beverages, tobacco 568 55 56 52 55 54 59
Clothing, footwear 799 41 42 39 42 40 45
Gross rent, fuel 1,022 53 52 50 52 52 56
Energy 691 40 40 38 40 39 44
House furnishing 894 43 45 42 45 43 49
Medical care 844 41 41 39 4] 41 46
Transport, communications 946 57 58 55 57 57 62
Recreation 657 34 33 32 33 33 35
Education 634 50 52 47 51 51 60
Other 1,236 61 65 59 64 61 69
T 7,109 22 32 24 61 26 NAY

Note: All entries to be divided by 10,000.

* MLU = Maximum likelihood with unknown {}.
T MLK = Maximum likelihood with known {}.

1+ M1 = minimum information.

§ RMSE = root-mean-square error.

[ RMASE = root-mean-asympltotic-square error.
TNA = not applicable.

We now use only the first 6 of 13 countries
that have three phases and the sample size for
this simulation is now equal to 3 X 6 = 18
observations, which is significantly smaller
than the original size, 96. The simulation pro-
cedure is the same as the previous one except
that only (1, is used for this simulation.

The simulation results are given in Table 3.
Comparing Table 3 with Table 2, we can see
that all the RMSEs have significantly in-
creased, but those of the MLU increase the
most. The MLU-RMSE of the income flexi-

bility in Table 3 is almost four times larger
than the corresponding one in Table 2, where-
as the MLU-RMSEs of all other coefficients
are more than double the corresponding ones
in Table 2. The RMSEs for MLK and MI in
columns 4 and 8 of Table 3 have also in-
creased with the decreased sample size, but
their RMSEs of the coefficients are all smaller
than the corresponding MLU ones in Table 3.
This is as expected and corresponds to earlier
results of Theil and his coauthors.

Of particular interest to us is the relative
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Table 3. A simulation Experiment for 11 Goods and Pooled Data with 18 Observations

Asymptotic

True  Standard MLU* MLKT MI}
Coefficient or Good Value Error RMSE§ RMASE| RMSE RMASE RMSE
(1) 2) 3 4) (5} (6) €)) (8)
Income flexibility ¢ —6,639 261 1,072 825 605 604 908
Coefficient B;
Food 1,387 78 207 93 143 140 156
Beverages, tobacco 8 37 84 40 62 618 66
Clothing, footwear 60 30 72 33 51 50 55
Gross rent, fuel 193 36 91 41 63 65 78
Energy 152 28 74 33 52 52 56
House furnishing 18% 33 79 36 53 54 57
Medical care 192 32 94 42 66 63 71
Transport, communications 232 45 113 53 74 79 78
Recreation 176 25 63 30 44 45 47
Education 19 53 200 67 121 126 165
Other 295 46 111 53 73 78 80
Coefficient «,
Food 1,705 101 226 140 190 182 197
Beverages, tobacco 568 55 111 76 101 99 103
Clothing, footwear 799 41 88 57 77 73 79
Gross rent, fuel 1,022 53 117 75 101 97 109
Energy 691 40 88 56 79 72 82
House furnishing 894 43 96 60 80 77 82
Medical care 844 41 96 60 84 7 87
Transport, communications 946 57 133 79 106 103 110
Recreation 657 34 T 47 67 61 69
Education 634 50 156 67 104 106 135
Other 1,236 61 134 85 115 110 119
T 7,109 22 193 75 107 71 NAY

Note: All entries to be divided by 10,000.

* MLU = Maximum likelihood with wnknown £3.
¥ MLK = Maximum likelibood with known 0,

} M1 = minimum information.

§ RMSE = root-mean-square error.

|| RMASE = root-mean asymptotic-square error.
FNA = not applicable.

performance of MLU, MLK, and MI in this
smaller sample size. The results imply that
MLU with an autoregressive process performs
poorly in smafl samples. Pairwise, the MI.U-
RMSEs are all larger than the corresponding
ones of MLK and MI, whereas those of MLK
are pairwise the smallest. Accordingly, MI
outperforms the MELU and the performance of
MLK is again best; however, knowledge of the
covariance matrix is exceptional in empirical
work. That the MI estimator, in a small sam-
ple, outperforms MLU in a pooled cross-coun-

try demand system with autocorrelation is cer-
tainly noteworthy, and this is the case, even
though the MLU explicitly accounts for au-
tocorrelation in the likelihood function where-
as the MI does not.

Conclusions

In the present article, we fit the Florida model
with an AR(1) error structure to the pooled
cross-country data of Seale, Walker, and Kim
and estimate the model with MI. Our point
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estimates obtained by MI are similar in value
to the ML values of Seale, Walker, and Kim.
Two similar simulations, but with different
sample sizes, are conducted to compare the
relative efficiencies of the MLU, MLK, and
MI. As expected, the MLU is more efficient
in terms of RMSEs than the MI in the larger
sample. Noteworthy, the MI is more efficient
in terms of RMSEs than the MLU in the small
sample. This is the case even though the MLU
explicitly accounts for the AR(1) error struc-
ture whereas the MI, a distribution-free esti-
mator, does not. These results for pooled
cross-country data correspond to earlier find-
ings of Theil for time-series and cross-section-
al data,
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