
THE NESTED PIGLOG MODEL: AN APPLICATION
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A new demand system is introduced, the Nested PIGLOG model, nesting thirteen other demand sys-
tems including five that are also new. This new model and its nested special cases are applied to models
of U.S. food demand that include food-at-home (FAH), food-away-from-home (FAFH), and alco-
holic beverages. Although nested tests and out-of-sample forecasting performance favor generalizing
models to a certain degree, statistically insignificant improvements to in-sample-fit and even poorer
out-of-sample forecast accuracy undermine further generalizations. Based on a subset of preferred
models, FAFH is found to be price and income elastic compared to FAH which is price and income
inelastic.
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Researchers using econometric models to ana-
lyze consumer demand must decide what para-
metric form to assign to a particular demand
function. Theory gives little guidance about
what these parametric forms should be, but
specification choices can affect results; hence
results are conditioned on a particular choice
of a parametric form. Typically, functional
forms are chosen that are both convenient to
estimate and are thought to have desirable
approximation properties. Flexible functional
forms are considered to have such desirable
properties and can reduce the specification
bias caused by the selection of an incorrect
functional form.

Over the past several decades, increasingly
more general flexible functional forms have
been introduced on the grounds that more gen-
eral models may yield better approximations
to underlying preferences. The purpose of this
article is to introduce a demand system com-
bining several previously adopted generaliza-
tions within a single demand system, result-
ing in a demand system consisting of thirteen
other demand systems, five of which are also
new. The nested structure facilitates a com-
parison of competing functional forms using
conventional hypothesis tests and shows how
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elasticities are affected by generalizing models.
Furthermore, because all of the nested models
have the same dependent variable, a compari-
son can be made of out-of-sample forecast ac-
curacy as a criterion for model selection.

The remainder of the article proceeds as fol-
lows. The next section includes a brief outline
of the development of more general functional
forms in demand analysis. This is followed by
the introduction of the new functional form
and an application to U.S. food demand. Model
comparisons using in-sample criteria, such as
nested tests and comparisons of estimated elas-
ticities are undertaken. In the final section,
several out-of-sample forecasting criteria are
developed and employed to further evaluate
generalizing demand models.

Development of More General Functional
Forms in Demand Analysis

Much attention in demand analysis has fo-
cused on demand systems that are consistent
with the logarithmic subclass of price-
independent generalized linear (PIGL) prefer-
ences, which Muellbauer called PIGLOG. This
class of preferences has the desirable prop-
erty of permitting exact aggregation over con-
sumers (Muellbauer). PIGLOG preferences
can be expressed by an expenditure function
of the form ln E(p, u) = a(p) + u · b(p), where
E(p, u) is the minimum expenditure necessary
to attain a specific level of utility, u, for a given
N-vector of prices, p. The functions a(p) and
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b(p) are assumed to be positive and linearly
homogeneous in prices. Demand equations
can be derived directly from an application
of the logarithmic form of Shepard’s lemma,
yielding the vector of Hicksian share equa-
tions, s H (p, u). Because the relationship be-
tween the logarithm of expenditures and util-
ity is linear, the unobservable Hicksian share
equations can be converted to the observable
Marshallian demand functions.

The PIGLOG class of preferences includes
some of the most commonly estimated lo-
cally flexible functional forms such as the
almost ideal (AI) demand model (Deaton
and Muellbauer) and the exactly aggregable
translog (TL) model (Christensen, Jorgenson,
and Lau).1 Several alternative generalizations
of the these two models have been developed
including versions incorporating the so-called
“pre-committed quantities.”2 The expenditure
function used to characterize this generaliza-
tion allows for a portion of total expenditures
(M) to be allocated to these pre-committed
quantities. The amount of expenditure remain-
ing after the pre-committed quantities have
been bought, is referred to as supernumer-
ary expenditure (M∗), defined as M∗ = M − p′c,
where c is the N-vector of pre-committed
quantities. An expenditure function allowing
for pre-committed quantities can be written
as E(p, u) = p′c + E∗(p, u), where E∗(p, u) is
the expenditure function for supernumerary
expenditures. For E(p, u) to nest models con-
sistent with PIGLOG preferences, this trans-
formed expenditure function must be of the
form E(p, u) = p′c + exp[a(p) + u · b(p)]. The
functional form of alternative demand systems
varies according to the forms assigned to a(p)
and b(p). The simplest, the LES model, is
derived by specifying the supernumerary ex-
penditure function to be of the Cobb-Douglas
form (i.e., a(p) = �0 + �′ p̂ and b(p) = 1, where
p̂ is the N-vector of logarithm of prices). More
general forms include the generalized translog
(GTL) model (Pollak and Wales) and the gen-
eralized almost ideal (GAI) model (Bollino),
derived by assigning supernumerary expendi-
tures to be of the TL and AI forms, respec-

1 Locally flexible functional forms are thought to provide a local,
second-order approximation to an arbitrary function at some point
in the price and income space. The definition of a second-order ap-
proximation provided by Diewert, identifies the minimum number
of parameters needed so that, in theory, the value of the underlying
true expenditure function and the approximating function, as well
as equations for their respective first and second derivatives, can
be equated at a particular point in the parameter space.

2 The terms subsistence or necessary quantities have also been
used previously.

tively. An alternative way of generalizing the
TL and AI models is to nest them into a com-
posite model to form what will be referred
to as the almost ideal translog (AITL) model
(Lewbel). Bollino and Violi then included pre-
committed quantities in the AITL model to
develop the generalized almost ideal translog
(GAITL) model.

Locally flexible functional forms, such as
the GAITL model, arguably represent an im-
provement over functional forms that restrict
elasticities before estimation such as the Cobb-
Douglas model. Nonetheless, the development
of locally flexible functional forms has failed to
put to rest the problem of potential specifica-
tion error resulting from the use of an incorrect
functional form. A locally flexible functional
form does not avoid specification errors un-
less it is, in fact, the true model. White demon-
strates this point with a simple diagram. No
useful statistical properties are apparent from
the definition of local flexibility (Gallant 1981).
An appropriate measure of approximation er-
ror needs to determine the values of para-
meters in the approximating function in such
a way that both the prediction errors of the
underlying function, and the errors with which
derivatives are measured, are all made small
over the entire range of the data (globally)
rather that just at a particular point (locally).
Gallant’s (1981, 1982, 1984) work in devel-
oping the concept of global flexibility and
Diewert’s criterion of local flexibility both
have the same objective: to make the distance
between the approximating function and the
true underlying function small, as well as the
distance between their respective derivatives.
One definition is local and the other global,
however, and the measures of distance are
therefore not the same. Gallant (1981) noted
that the Sobolev norm is the appropriate mea-
sure of distance for approximating unknown
functional forms because this measure of dis-
tance appropriately takes into account errors
in the approximation throughout the domain
of the function, as well as taking into ac-
count the errors in approximating derivatives.3
Gallant’s work in finding the Fourier series ap-
proximations applicable to estimating factor
demands and consumer demands, means that
these demands may have the desirable prop-
erty that specification bias can be made asymp-
totically negligible.

3 For the technical details and definitions of the Sobolev norm,
and theorems linking the Fourier series to the Sobolev norm, see
Gallant (1981).
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Thus, an alternative set of generalizations is
available involving the use of Fourier flexible
forms. These generalizations may be used in-
stead of, or combined with, the generalizations

E(p, u) = p′c(1)

+ exp

[
�+ �′ p̂ + (1/2) p̂� p̂ + 2

∑A
a=1{ua cos(�k ′

a p̂) − va sin(�k ′
a p̂)} + u�0
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�k

�′�+ p̂′��

]

involving nesting the AI and TL models
or incorporating pre-committed quantities.
Chalfant nested part of the AI model’s ex-
penditure function within a Fourier flexible
form, to develop the globally flexible almost
ideal (GFAI) model.4 Nesting locally flexible
functional forms within Fourier flexible forms
is motivated by the theoretical advantages
of the Fourier flexible form, and by some
encouraging simulation results in Chalfant and
Gallant.

s =
(

1
M

)
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+
(

M∗

M

)[
� + ��∗ + �[d(p) ln M∗− ln P̃] − 2�
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a p̂) + va cos(�k ′
a p̂)}ka

d(p)

]

The Nested PIGLOG model

The demand system developed in this ar-
ticle combines all three types of general-
izations used previously in the literature—
pre-committed quantities, nesting the AI and
TL models, and combining locally flexible
models within Fourier flexible functional form.
In particular, this demand system nests the ex-
penditure function of the GAITL model within
the expenditure function for the Fourier flex-
ible functional form. The new demand sys-
tem is given the name the nested PIGLOG
(NEP) model, since it nests demand systems
that are consistent with PIGLOG preferences
for supernumerary expenditures or total ex-

4 Wohlgenant combined the Fourier flexible form with the lin-
ear expenditure system to develop the Fourier linear expenditure
system (FLES) model. The way in which the Fourier flexible form
was included in the FLES model is different from the general-
ization proposed here to form the GFLES model described later.
Although the models are different, both nest the LES model as a
special case.

penditures if pre-committed quantities are not
permitted.

The NEP demand system is derived from an
expenditure function of the form

where p̂ is an N-vector of logarithms of prices,
� is an N-vector of ones, ka is a multi-index (a
vector with integer components),5 � is a scal-
ing factor,6 and A is the number of included
multi-indexes. The parameters to be estimated
are the scalars �, ua, va , the N-vectors c, �,
and �, and the N × N matrix �. E(p, u) is
linearly homogeneous in prices if the follow-
ing restrictions hold: �′�� = 0, � = �′, �′� = 1,
k ′

a� = 0, and �′� = 0.
Share equations for the NEP model are of

the form

where

d(p) = �′� + p̂′��

�∗ = ln
[(

1
M∗

)
p

]

ln P̃ = � + �′ p̂ + (1/2) p̂� p̂ + 2
A∑

a=1

{ua cos(�k ′
a p̂) − va sin(�k ′

a p̂)},
and s is the N-vector of budget shares, M is
total expenditure, and � is the N-vector of pre-
committed expenditures (i.e., �i = pi ci ). Pro-
vided that the restrictions mentioned above
are satisfied, (2) represents a system of de-
mand equations satisfying adding-up and are

5 Multi-indexes are vectors of length N that reduce the notational
complexity of multivariate Fourier series expansions (see Gallant
(1982) for details).

6 Because a Fourier series involves a periodic function in each
of the arguments the scaling of the data is important. The scaling
factor � ensures that the data fall within the (0, 2�) interval (see
Gallant (1981) for details).
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Table 1. The Different Models Nested Within the Nested PIGLOG Demand System

Restrictions

va = 0 ∀ a
Model ci = 0 ∀ i �� = 0 � = 0 ua = 0 ∀ a

Globally Flexible Functional Forms
Nested PIGLOG (NEP)
Globally flexible generalized almost ideal (GFGAI) ×
Globally flexible generalized translog (GFGTL) ×
Globally flexible almost ideal translog (GFAITL) ×
Globally flexible almost ideal (GFAI) × ×
Globally flexible translog (GFTL) × ×
Globally flexible linear expenditure system (GFLES) × ×

Locally Flexible Functional Forms
Generalized almost ideal translog (GAITL) ×
Generalized almost ideal (GAI) × ×
Generalized translog (GTL) × ×
Almost ideal translog (AITL) × ×
Almost ideal (AI) × × ×
Translog (TL) × × ×

Non-Flexible Functional Forms
Linear expenditure system (LES) × × ×

Note: The × indicates that the restriction is required.

homogeneous to degree zero in prices and
expenditure.

The NEP demand system nests the GFAI
model, the GAITL model, and each of the
locally flexible forms nested in the GAITL
model, as well as five new demand systems:
the globally flexible generalized almost ideal
(GFGAI) model, the globally flexible almost
ideal translog (GFAITL) model, the globally
flexible generalized translog (GFGTL) model,
the globally flexible translog (GFTL) model,
and the globally flexible linear expenditure
system (GFLES) model.7 Table 1 provides
the various parametric restrictions that yield
the demand systems nested within the NEP
model and figure 1 depicts the linkages among
them.

An Application to U.S. Food Demand

In this section, the NEP model is applied to
aggregate annual time-series data of food de-
mand in the United States over the period
1968–99. Expenditures on food are maintained
to be weakly separable from expenditure on
all other goods. Annual consumer expendi-
ture data on food-away-from-home (FAFH),
food-at-home (FAH), and alcoholic bever-

7 The expenditure functions and the resulting share equations
for these new demand models are shown in detail in Piggott.

ages are from the United States Department
of Agriculture. The price indexes used for
each category are from the Bureau of Labor
Statistics. Per capita consumption series are
constructed by dividing the expenditure data
by the appropriate price index and by U.S. pop-
ulation data from the Bureau of Census.

Food expenditure has been a declining com-
ponent of personal disposable income, its share
declined from 19% in 1968 to 13% in 1999.
Over the same period, the FAFH share has
been stable at around 6%, whereas the FAH
and alcoholic beverage share of 10.8 and 2.7%
has shrunk to 6.2 and 1.4%, respectively. If
these trends continue, expenditure on FAFH
will soon account for the largest component
of the U.S. consumer’s food budget. There is
an abundant literature investigating the fac-
tors responsible for these changes and the in-
creased importance of FAFH.8 Factors that
have been investigated include changes in
household demographics, female participation
in the work force, increased availability of
FAFH, changes in income distribution, certain
meal types, the value of time, different facili-
ties types, and geographical location. This lit-
erature has utilized cross-sectional data such

8 See, for example, studies by Prochaska and Schrimper;
Senauer; Kinsey; Lee and Brown; McCracken and Brandt; Yen;
Jensen and Yen; Park et al.; Nayga; Byrne, Capps, and Saha; and
Park and Capps.
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Previously existing demand system
New demand system

GAITL

GAI

AITL

AI

GTL

Globally flexible functional form
Locally flexible functional form
Indicates a nested model

GFAI

TL

GFTL

GFGAI GFGTLGFAITL

NEP

LES

GFLES

Figure 1. The nested PIGLOG (NEP) model

as panel or diary data from household sur-
veys and in some instances these surveys are
repeated providing a time-series/cross-section
dataset. This study provides an alternative
approach by using aggregate time-series data
applied to theoretically consistent complete
demand systems, thereby permitting a com-
parison of estimated economic effects (elastic-
ities) across approaches.9

Some Estimation Issues

The NEP model and all thirteen special cases
are estimated in a complete system of equa-
tions including FAFH, FAH, and alcoholic
beverages using iterated nonlinear estimation

9 Testing particular hypotheses about certain factors affecting
demand for food other than prices and expenditures is beyond the
scope of this analysis. The potential bias that may be caused by
omitting these factors is acknowledged as a potential shortcoming
and is left as a topic for further work.

techniques. Due to the singular nature of the
share system one of the equations must be
deleted in estimation (alcoholic beverages).
The multivariate Fourier series requires all of
its arguments to be within the (0, 2�) inter-
val, since sines and cosines are periodic func-
tions. To ensure that the logarithms of prices
are within this interval each was rescaled ac-
cording to the following rule of ln ṕi = ln pi −
min(ln pi )+ ∈ ∀ i with ∈= 0.00001 and a scal-
ing factor adopted of � = 6

max(ln ṕi )
as suggested

by Gallant (1982). This rescaling is of no con-
sequence except to induce a change in units.
Estimated elasticities are invariant to this
rescaling. It is also necessary to select a set of
multi-indexes determining the functional form
of the Fourier flexible form.10 Limiting atten-
tion to only simple interactions among prices

10 The choice of multi-indexes is an open question. For a discus-
sion of this point see Gallant (1984).
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amounts to three multi-indexes of the follow-
ing form:

k1 k2 k3

1 0 1
−1 1 0

0 −1 −1

Empirical Results

The estimated parameters for the fourteen
models in the NEP class are reported in table 2.
The signs of the pre-committed quantities (the
c′

i s) are nonnegative, conforming to our a pri-
ori beliefs.11 Surveying the statistical signifi-
cance of individual parameter estimates pro-
vides some insight into the appropriateness
of some of the generalizations under con-
sideration. Including pre-committed quanti-
ties appears justified with most of the c′

i s
being individually statistically significantly dif-
ferent from zero. There may be less support
for including the Fourier terms with only the
GFAITL model having at least three of the
six parameters that are individually statisti-
cally significantly different from zero. Some
generalizations appear to lead to an over-
parameterization with fewer parameters being
individually statistically significantly different
from zero (compare the AITL model to the
AI or TL models).12 There are also instances
where a generalization leads to more para-
meters that are statistically significantly differ-
ent from zero (compare the AI to GAI model
and the AITL to GAITL model). This mixed
evidence suggests that the merits of generaliz-
ing models needs to be evaluated on a case-by-
case basis.

Model Comparisons: In-Sample Nested Tests

A primary motivation for nesting models is the
convenience of using conventional hypothesis
tests to evaluate the merits of a generaliza-
tion by testing certain parameter restrictions—
the NEP model includes a total of 43 gen-
eralizations.13 Table 3 includes the results of
testing these generalizations using likelihood

11 Only the estimate of c3 in the GFGTL model is negative. The
magnitude of the other c′

i s in this model was large enough to ensure
that there is a nonnegative amount of subsistence expenditure.

12 Over-parmeterization is not only prohibitive in terms of reduc-
ing degrees of freedom it can also impact the precision with which
the estimated economic effects (elasticities) are measured.

13 By construction a more general model will have a better in-
sample fit than its nested counterpart. The question of interest is
whether this improvement is statistically significant.

ratio tests and reveals that only eight of the
individual or collective restrictions fail to be
rejected, suggesting that most generalizations
were justified.

More specifically, the first column in table 3
reveals that ten of the thirteen nested mod-
els are rejected in favor of the NEP model.
The models that are not rejected include the
GFGAI, GAITL, and GAI models. The gen-
eralizations of the GFGAI, GAITL, and GAI
models that result in NEP model do not statis-
tically significantly contribute to the in-sample
fit of the model, so one would prefer these
nested models on grounds of parsimony. In
choosing among these models, the nested tests
prove helpful since the GAI model is a nested
special case of both the GFGAI and GAITL
models (see the sixth row of table 3). Separate
tests fail to reject the GAI model against the
alternatives of the GAITL and GFGAI mod-
els, respectively. Thus, the GAI model surfaces
as the “preferred” model since it is statistically
indistinguishable from both models and it is
more parsimonous. This in-sample evidence fa-
voring the GAI model implies that not much
is gained from further generalizations of nest-
ing the TL model or adding the Fourier terms,
either separately, or together. To add weight
to this observation, nesting the TL is also not
a statistically significant generalization when
added to the AI and GFGAI models and one
fails to reject the proposition that the Fourier
terms are jointly significantly different from
zero when added to the GAITL and GTL mod-
els. The popular AI and TL models are rejected
in favor of all of their more general counter-
parts except for the generalization to the AITL
model.

Estimates of Elasticities

Another criterion to consider in models of
varying generality is to assess how much
estimated elasticities vary across models (a
measure of the potential bias from using an
incorrect form) and whether the elasticity es-
timates appear reasonable. Comparing esti-
mated elasticities across rows in table 4 re-
veals that the magnitude of elasticities (but not
sign) vary substantially across alternative func-
tional forms. This is made clearly apparent by
comparing estimates from the LES model with
other models. Given that all of the nested tests
reject the LES model and the outlier status that
each of the estimated elasticities could be as-
signed, estimates from this model are omitted
from further discussion concerning ranges.
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Overall, own-price elasticities appear rea-
sonable and comply with the law of demand.
The own-price elasticity of demand for the
FAH (�hh) was estimated to be price inelas-
tic ranging from −0.54 to −0.22 across models.
Among the models that were not rejected, es-
timates were more price elastic ranging from
−0.54 to −0.44.14 In comparison, the own-
price elasticity of demand for the FAFH (�aa)
was estimated to be price elastic ranging from
−2.03 to −1.16. Among the models not re-
jected estimates were less elastic ranging from
−1.50 to −1.37.15 Finally, the own-price elas-
ticity of demand for alcoholic beverages (�bb)
varied the least across models ranging from
−1.12 to −0.82.

The estimated cross-price elasticities of de-
mand for FAH with respect to the price of
FAFH (�ha) range from 0.16 to 0.43 implying
that they are gross substitutes. The estimated
cross-price elasticity of demand for FAFH with
respect to the FAH price (�ah) ranges from
−1.44 to −0.79 implying that they are gross
compliments. The large expenditure effect
for FAFH outweighs the positive substitution
effect favoring FAFH consumption as a re-
placement for FAH when the price of FAH in-
creases. The large expenditure effect for FAFH
also dominates the cross-price elasticity for
FAFH with respect to alcoholic beverage price
(�ab) which finds these goods are gross com-
plements. Finally, the cross-price elasticities of
the demand for alcoholic beverage consump-
tion with respect to changes in FAH price (�ba)
and FAFH (�ba) price are positive across mod-
els implying these goods are gross substitutes.

The estimated expenditure elasticities con-
firm the growing importance of FAFH in
the food budget compared to FAH and al-
coholic beverages. The expenditure elastici-
ties for FAH (�hM ) are very small and pro-
vide the only instance where estimates change
signs across models. The expenditure elastici-
ties for alcoholic beverages (�bM) are negative
and sensitive to functional form ranging from
−1.20 to−0.01. The expenditure elasticities for
FAFH (�aM ) are large and range from 2.45 to
3.62 across models. For the models that we fail
to reject, the estimates vary from 2.45 to 2.78.

14 Finding FAH consumption to be fairly inelastic to price seems
reasonable given that this includes the purchase of household sta-
ples and accounts for a declining component of the household bud-
get and so has a smaller expenditure effect.

15 Finding FAFH consumption to be price elastic confirms the
common practice of using price incentives as a marketing tool for
these goods. In addition, FAFH accounts for a growing proportion
of the household budget and so there is a substantial expenditure
effect that contributes to this price responsiveness.

Recall that the literature has taken consid-
erable interest in FAFH consumption and has
provided detailed estimates concerning FAFH
income elasticities. Byrne, Capps, and Saha
provide a table with previous estimates of this
income elasticity that range from 0.11 to 0.36
which their estimates also fall within (around
0.2). Park et al. estimated this income elasticity
to be 1.12 for poverty status households and
0.61 for non-poverty status households. The
expenditure elasticities shown in table 4 are
not directly comparable to these previous es-
timates. To convert these expenditure elastici-
ties to income elasticities we need to make use
of the following relationship ∂qi

∂Y = ∂qi

∂ M · ∂ M
∂Y or in

elasticity form �iY = �i M · �MY , where qi is the
quantity demanded of the ith good, Y denotes
income, M denotes expenditure on food, �iY
denotes the income elasticity of demand for
the ith commodity, �i M is the food expendi-
ture elasticity for the ith commodity, and �MY
is the income elasticity of demand for the to-
tal expenditure on food. An estimate of �MY
was obtained with an auxiliary regression of
per capita food expenditures on per capita dis-
posable income which resulted in an estimated
income elasticity of demand for food expen-
ditures of 0.332.16 Based on this estimate the
range of income elasticities for FAFH across
all models is 0.813 to 1.202. The subset of the
models with expenditure elasticities below the
threshold 3.01 for an income elasticity of de-
mand that is less than 1 includes all the mod-
els that are not rejected, with implied income
elasticities ranging from 0.813 to 0.930. These
estimates are more elastic and outside the
range of estimates shown in Byrne, Capps, and
Saha and more consistent with those of Park
et al.

Finally, to investigate how the underlying
consistency with demand theory might be af-
fected by generalizing models, the percent-
age of observations satisfying curvature over
the sample is also reported in table 4. The
results reveal that more general models are
less consistent with curvature over the sample.
Less general models satisfied curvature glob-
ally, whereas in more general models, the per-
centage of observations that satisfied curva-
ture declined to as low as 69%. This finding

16 To implement this auxiliary regression the following equation
using data over the period 1968–99 was estimated: ln(M/CPI) =
1.3265 + 0.7318 ∗ ln(Pfood/CPI) − 0.2832 ∗ ln(Pnonfood/CPI) +
0.3320 ∗ ln(Y/CPI) where M is per capita food expenditures, CPI
is the Consumer Price Index for all goods, Pfood is the CPI for all
food and beverages, Pnonfood is the CPI for all goods excluding food,
Y is per capita disposable income.
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suggests that a more general model does not
necessarily imply a better model in the sense
that estimated economic effects may become
less consistent with demand theory.

Model Comparisons: Out-of Sample
Forecasting Performance

So far, attention has been limited to in-sample
criteria to evaluate alternative models of vary-
ing degrees of generality. An additional jus-
tifiable criterion for model selection is out-
of-sample forecasting accuracy. Kastens and
Brester note that out-of-sample fit is rarely
considered in the context of demand models
and make the point (citing Waugh) that surely
a “good” model is one that does a reasonable
job of conditional forecasting. The point of this
section is to investigate how generalizing de-
mand systems affects out-of-sample forecast
errors and whether this criterion can provide
further information in deciding upon a “pre-
ferred” model.17

Due to the small sample size on hand and to
conserve degrees of freedom one-period fore-
casts are used to evaluate each model’s abil-
ity to forecast out-of-sample.18 To outline how
these one-period forecasts are generated it is
useful to rewrite (2), more succinctly as

st = f (�, zt ) + ut t = 1, 2, . . . , T(3)

where st = (s1t , s2t , . . . , s(N−1)t )′, ut = (u1t , u2t ,
. . . , u(N−1)t )′, � is the included parameters, and
zt the included exogenous variables. The one-
period forecast at time k, ŝk , is generated by
reestimating the model using a subsample of
(T − 1) observations, omitting the kth obser-
vation (i.e., sk and zk) and generating an es-
timate of �̂. This estimate of �̂ is used to
generate the one-period forecast according
to ŝk = f (�̂, zk). This procedure is repeated
a total of T times (i.e., k = 1, 2, . . . , T ) gen-
erating a sample of T one-period forecasts.
The resulting one-period (N − 1)-forecast vec-
tor ŝt = (ŝ1t , ŝ2t , . . . , ̂s(N−1)t )′ can be used to
calculate the (N − 1)-vector of forecast er-
rors ût = (û1t , û2t , . . . , ̂u(N−1)t )′ by calculating
ût =s t − ŝt .

17 This out-of-sample performance criterion has an advantage
over the in-sample nested hypothesis tests in that models need not
be nested in order to be compared. It is also worth noting that gen-
eralizing a model does not necessarily imply smaller out-of-sample
forecast errors unlike in-sample residuals.

18 One-period forecasts are commonly used in the literature to
evaluate model performance and out-sample forecasting accuracy
(see Ashley, Goodwin, Bradshaw and Orden, and Chambers and
Nowman).

Since the idea is to use forecasting per-
formance to provide further information
in choosing a preferred model by ranking
alternative models performance, a statistic
utilizing all of the information contained in
this forecast error vector, ût , is needed.19 A
single statistic accounting for the informa-
tion contained in ût permitting a definitive
ranking among models based upon a par-
ticular criterion is desired. Forming the
(N − 1) × (N − 1) matrix � j = ût

j ût
j ′ is an

alternative way to express the forecasting
accuracy of the jth model contained in ût

j .20

From this matrix several statistics can be
calculated, such as the trace, tr(� j ), which
is equivalent to the sum of squared forecast
errors (SSFE) for the (N − 1) equations (i.e.,
tr(� j ) = ∑N−1

i=1 ûi t
j ′ûi t

j = ∑N−1
i=1

∑T
t=1[ûi t

j ]2).
This statistic permits models to be ranked
based upon which has the smallest SSFE.
Another statistic summarizing this multi-
variate phenomenon is the determinant,
|� j |.21 We can ascertain from the formula
of the determinant for the case of N = 3,
that the correlation between forecast errors
across equations, has a favorable affect by
making this statistic smaller. Thus, models
producing out-of-sample forecast errors that
are contemporaneously correlated across
equations benefit under the |� j | compared
to tr(� j ) where this correlation is not taken
into account. It is important to note that these
alternative statistics across competing models
will not necessarily be ranked in the same
order [smallest (best) to largest (worst)] even
if the forecast errors across equations are
uncorrelated, since tr(� j ) involves the sum of
the SSFE in each equation and |� j | involves
the product of the SSFE.22

19 Because we are dealing with a system of equations and have a
(N − 1)–vector of forecast errors, commonly used measures such as
root mean squared errors (RMSE) or mean absolute error (MAE)
in the univariate setting are less useful. These measures would
result in (N − 1) pair-wise comparisons if we calculated them for
each equation.

20 This matrix is analogous to the variance-covariance matrix that
is calculated using in-sample residuals but is calculated using out-
of-sample one-period forecast errors.

21 The criterion of making the determinant of the matrix of resid-
ual sum of squared errors and cross-products small, is precisely the
criterion used in maximum likelihood estimation applied to the log
of the joint normal densities of in-sample disturbances to generate
parameter estimates (see Greene, p. 496).

22 This possibility of differences in ordering stems from tr(� j ) =∑N−1
i=1 


j
i while |� j | = 


j
1 · 


j
2 · 


j
3 . . . 


j
N−1 where 


j
i is the ith eigen-

value of � j . This facet of evaluating forecast accuracy and rank-
ings being conditional on the criterion chosen is well established
in the case of ût ’s univariate counterparts. For instance, for two
commonly used measures RMSE and MAE, it is well known that
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Table 5. One-Period Out-of-Sample Forecasting Performance

Estimates Rankings
Number of

Model Parameters tr(�j) |�j| tr(�j) |�j|
NEP 19 4.081E-03 8.783E-07 GFGAI GFGAI
GFGAI 17 3.816E-03 3.270E-07 GAITL GAI
GAITL 13 3.851E-03 6.601E-07 NEP GFAITL
GFAITL 16 5.840E-03 5.304E-07 GAI AITL
GFGTL 16 6.104E-03 8.591E-07 GFAITL GTL
GAI 11 4.290E-03 3.769E-07 GFGTL GAITL
GFAI 14 7.937E-03 8.369E-07 AITL TL
AITL 10 6.332E-03 5.606E-07 GTL GFTL
GFTL 13 7.368E-03 7.351E-07 TL AI
GTL 10 6.558E-03 5.744E-07 GFTL GFLES
AI 8 8.102E-03 7.919E-07 GFLES GFAI
TL 7 7.262E-03 7.319E-07 GFAI GFGTL
GFLES 11 7.749E-03 8.221E-07 AI NEP
LES 5 9.408E-03 1.311E-06 LES LES

For each of the fourteen models in the NEP
class, the above procedure for generating the
(N − 1)-vector of one-period forecast errors
was undertaken and the corresponding ma-
trix � j was formed, permitting tr(� j ) and |� j |
to be calculated. The estimates are shown in
table 5 as well as the ranking of models accord-
ing to each criterion ordered smallest (best)
to largest (worst). The GFGAI model out-
performs all the other models under both crite-
ria. The three models that were not rejected in
favor of the NEP model (the GFGAI, GAITL,
and GAI models) ranked in the top four along
with the NEP model based on tr(� j ). Two of
these models, the GFGAI and GAI models,
ranked first and second, respectively, based on
|� j |. Thus, the in-sample nested tests and out-
of-sample forecast accuracy results conform
well in identifying at least a subset of “pre-
ferred” models.

To assess how generalizing demand systems
affect out-of-sample forecasting errors more
generally and how the statistics track with each
other, plots of tr(� j ) and |� j | across models
are shown in figure 2. Both criteria exhibit a
positive trend reading left (more general) to
right (less general) reflecting the phenomena
that the more general models tend to produce
more accurate out-of-sample forecasts.23 How-
ever, the saw-tooth nature of the plots for both
statistics reveals increased generality does not
necessarily improve out-of-sample forecast ac-
curacy. This reinforces previous statements

RMSE penalizes larger errors compared to the MAE and as a
consequence can also result in alternative rankings.

23 The trend in |� j | has been accentuated due to rescaling by 104.

that generalizing models need to be evaluated
on a case-by-case basis despite the observation
that more general models tend to have better
forecasting accuracy. The final striking feature
of figure 2 is how well the statistics track each
other.

The Preferred Model

The in-sample and out-of-sample evidence
agrees on identifying a subset of preferred
models that includes the NEP, GFGAI,
GAITL, and GAI models. The nested hypoth-
esis tests find that the GAI model is statis-
tically indistinguishable from the other mod-
els in this subset. Thus, in-sample evidence
favors the simpler GAI model on grounds
of parsimony. The out-of-sample evidence fa-
vors the GFGAI model under both criteria,
with the GAI model being ranked fourth us-
ing tr(� j ) and second using |� j |. A useful
next step, though beyond the scope of this
article, is to develop inference procedures
for these out-of-sample statistics.24 Without
the ability to test inferences on the out-of-
sample results to delineate between the GF-
GAI and GAI models, we cannot say whether
the GFGAI out-of-sample performance is
statistically better than the GAI model.
Pending the outcome of such inferences,

24 Ashley has developed such inference procedures for post-
sample model selection appropriate for the univariate case uti-
lizing a bootstrap. Additional work is currently focusing on de-
veloping inference procedures applicable to post-sample model
selection for the multivariate case required for the models in this
paper.
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Figure 2. Comparision of out-of-sample forecasting performance across models based on tr(Ω j)
and |Ω j|

and depending on the weights placed upon
the in-sample versus out-of-sample results, one
could favor either the GFGAI or GAI model
as the “preferred” model. However, it is re-
assuring to the applied researcher who is un-
able to settle on whether to use estimates from
the GFGAI or GAI model in welfare or pol-
icy analysis that the estimated elasticities are
quite similar.

Conclusion

The NEP model presents a unifying generaliza-
tion of flexible functional form specifications
used in demand analysis in an effort to iden-
tify a better model. The NEP model is derived
by combining the three generalizations used
previously—pre-committed quantities, nest-
ing the AI and TL models, and nesting the
Fourier flexible functional form. This new
model and its nested counterparts are used to
estimate models for U.S. food demand that in-
cludes FAH, FAFH, and alcoholic beverages.

Results suggest that generalizing the models
has the merit of leading to statistically signif-
icant improvements to the in-sample-fit and
improved out-of-sample forecasting accuracy.
However, after a certain amount of model-
enhancing generalizations, statistically in-
significant improvements to in-sample-fit and
even poorer out-of-sample forecast accuracy

can occur. Thus, a more general model does
not necessarily imply a statistically better
model. Furthermore, more general models
tended to be less consistent with demand
theory satisfying curvature less than globally
over the sample.

Differences in the magnitude of estimated
elasticities across models confirm that esti-
mates can be “fragile” and that employing
the wrong functional form may result in sig-
nificant bias. However, these differences are
smaller among the subset of models that are
not rejected. Based on the preferred GAI and
GFGAI models, FAFH is estimated to be price
and income elastic compared to FAH which
was price and income inelastic. The implied
income elasticity of demand for FAFH in this
study is larger than most previous estimates.
Rationalizing these differences is left for future
work, the question of whether cross-sectional
models under-estimate or whether aggregate
time-series models over-estimate this income
effect remains open.

[Received June 2001; final revision
received December 2001.]
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