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1 Introduction

Food is an essential good, and thus understanding its demand is important for the

formulation of sound agricultural policies and developing sustainable agricultural

business. A timely analysis of food demand is important because it can change over

time not only because prices and incomes change but also because people’s taste
itself also change. However, even in countries where food accounts for a sizable

share of expenditure or where the agricultural sector accounts for a large share of

output, careful analysis of food demand is often not readily available.

In this study, we analyze the food demand in urban Philippines and compare it to

the one in China. This comparison is interesting for two reasons. First, there are

some similarities between Filipino and Chinese food cultures. This is not surprising,

because Filipino cuisine has been significantly influenced by Chinese cuisine. The

similarities are particularly pronounced in lower- and middle-class cuisine because

the Chinese first came as traders, settlers, and merchants. For example, dishes like

noodles, certain sausages, vegetables wrapped in a thin rice wrapper, and meat

encased in dough come from the Chinese cuisine and have been widely absorbed in

the Filipino cuisine and cooked in homes and eateries (see Fernandez 1986).

Second, the economic growth in China has been much faster than the Philippines

in recent years. For example, according to the World Development Indicators

published by the World Bank, China’s GDP per capita in constant 2011 interna-

tional dollars is $1554 in 1990 and $9230 in 2010. The corresponding figures for the

Philippines are $4010 in 1990 and $5613 in 2010. Therefore, we may expect to see

more pronounced changes in China than in the Philippines over the last two decades

or so.
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There are, however, two important limitations to this argument. First, the

Filipino food culture has also been heavily influenced by the Spanish food culture,

but this is not applicable to the Chinese food culture. Therefore, the westernization

of food culture has started much earlier in the Philippines. Second, the food culture

in China is very diverse in itself. For historical reasons, the Chinese influence did

not uniformly come from China. Most notable influences come from southern

China, particularly around the current Fujian province. Despite these limitations,

the structural changes in food demand China has experienced tell us some direc-

tions in which the structural changes in food demand are likely to take place in the

Philippines. This is particularly true, if the Philippines were to catch up with China

in GDP per capita in the future.

We analyze the food demand by estimating the Quadratic Almost Ideal Demand

System (QUAIDS) proposed by Banks et al. (1997) with various rounds of the

Family Income Expenditure Survey (FIES) using a variant of the iterated linear

least-squares estimator developed by Blundell and Robin (1999). Besides the

obvious empirical contributions, we improve on the existing method by estimating

the QUAIDS for a relatively large number of goods in a reasonably efficient manner

by using the conditional linearity of the estimation equations, by taking advantage

of the variance–covariance matrix of the unobserved error term, and by directly

imposing the restrictions on the parameters required by economic theory.

This paper is organized as follows. We first review relevant existing studies on

food demand in the Philippines and China in the next section. In Sect. 3, we present

the methodology used in this study. In Sect. 4, we describe the data followed by the

results in Sect. 5. Section 6 offers some discussion including some policy and

business implications.

2 Review of Existing Studies

To facilitate the discussion later, we provide a review of some of the important

studies on food demand in China and the Philippines in this section.

2.1 China

There are an increasing number of studies on food demand in China, especially in

urban China in recent years. This is not surprising because the changes in the food

demand structure in China affect not only the food market in China but also the rest

of the world. Here, we discuss a few studies that are most closely related to ours.

The study by Gould and Villarreal (2006) is one of the recent studies that adopt

the QUAIDS. They use it to analyze the structure of food demand in four urban

provinces in China. According to their estimates, beef, poultry, and grains other

than rice are among the food categories with relatively high uncompensated
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own-price elasticities. For most food items, the differences in expenditure elastic-

ities and uncompensated own-price elasticities across different income groups were

small. They also examined the importance of food at home and food away from

home and found that the latter tends to increase with the household’s income level.

Zheng and Henneberry (2010) estimate food demand only in the urban Jiangsu

province. They find that there is no obvious difference in own-price elasticity across

different income groups and that the income elasticity tends to be lower for

wealthier households. Based on these estimates, they project the future food

demand. They emphasize the importance of income distribution in demand projec-

tion as more equal distribution would imply higher food demand even when the

average income remains the same. In a separate study, Zheng and Henneberry

(2011) argue that the researchers should use the demand parameter that pertains to

the relevant income group for the appropriate design of policies and marketing

strategies for the population group of interest, because the constant elasticities of

food demand among income groups are not supported in the urban Jiangsu prov-

ince. These studies highlight the potential importance of addressing the heteroge-

neous elasticities across different income groups.

Another study that is closely related to ours is Dong and Fuller (2010). Using the

Almost Ideal Demand System (AIDS) developed by Deaton and Muellbauer

(1980), they analyze the shift in consumer demand in urban China between 1981

and 2004 with aggregate data. They find that changes in grain consumption can be

largely explained by normal price and income effects. On the other hand, they find

some evidence for structural change in the demand of meat, vegetables, fruits, and

fish, which played a less important role in daily food consumption in traditional

Chinese diets.

Similarly, Hovhannisyan and Gould (2014) use provincial-level data in urban

China and test the structural change in food demand between 2002 and 2010. They

find evidence that urban Chinese diet preferences have changed in their study

period. Namely, they find that the magnitudes of uncompensated own-price elas-

ticities in the seven food categories (meat, seafood, vegetables, fruits, grain, eggs,

and fats) they used have decreased with an exception of eggs. These decreases are

most apparent in the demand of fruits and meats, which points to their rising

importance in the urban Chinese food diet.

Hovhannisyan and Gould (2011) also analyze the structural change in demand

using household-level expenditure surveys for 1995 and 2003. Based on an inde-

pendent test of equality, they find that uncompensated own-price elasticity has

changed statistically significantly for all goods, except for beef and poultry, and

became less elastic for seafood, vegetables, fruits, rice, and dairy products in their

study period. Our approach is similar to Hovhannisyan and Gould (2011) in the

sense that we use household-level data and a similar test for the presence of

structural change.

The empirical evidence from these studies provides at least three important

implications for our study. First, controlling for demographic characteristics of

the household is potentially important. While this is not surprising, it is important in

practice. Second, both price and budget elasticities, especially the latter, appear to

Is Urban Food Demand in the Philippines Different from China? 99



depend on whether the household is rich or poor to some extent. Therefore, we

provide disaggregate results by the expenditure quintile. Third, while the estimated

elasticities vary substantially across studies and their direct comparisons are diffi-

cult because of the differences in the geographic coverage, study periods, and

methodologies used, they tend to find lower budget elasticities over time for most

food items. On the other hand, the changes in price elasticities appear to be

heterogeneous across food items. We will subsequently verify that this is also the

case in the Philippines.

2.2 Philippines

There have been several studies on food demand in the Philippines to date. One of

the earliest studies based on household surveys is Quisumbing et al. (1988). They

use two household surveys conducted by the Food and Nutrition Research Institute

in 1978 and 1982 to estimate food subsystem and the cross-tabulations taken from

four rounds of FIES in 1961, 1965, 1971, and 1975 to estimate a translog expen-

diture system for five groups of goods.

Bouis (1990) proposes a demand system based upon a utility function that is

additive in bulk, variety, and tastes of individual goods and applies it to the

Philippines. His estimates show that meat tends to have high own-price elasticity

and income elasticity whereas corn is estimated to have a negative income elasticity

both in urban and rural areas. Similarly, Bouis et al. (1992) show that both caloric

intake (computed from 24-h recall survey) and caloric availability (computed from

food expenditure survey) tend to be higher for richer households for most food

items, but this is not the case for corn.

Balisacan (1994) reviews earlier studies on food demand in the Philippines and

estimates the AIDS using three rounds of the FIES data in 1985, 1988, and 1991. He

finds that food items are generally income inelastic. In particular, rice, the major

staple, has an income elasticity of 0.08. On the other hand, corn has a negative

income elasticity, a pattern that is consistent with abovementioned studies.

A more recent estimate is provided by Mutuc et al. (2007). They use FIES data

for year 2000 to estimate a QUAIDS with a detailed disaggregation of vegetables.

They find significant difference between the expenditure elasticities of urban and

rural households, whereas they did not find statistical difference between urban and

rural households in own- and cross-price elasticities.

Our study is different from these earlier studies in several respects. First, many

of the studies mentioned above, including those in China, either (1) assume sepa-

rability between food and non-food items or (2) highly aggregate non-food items.

However, the separability assumption is not a harmless assumption because the

total budget for the food may be endogenous. Aggregation of non-food items may

appear more innocuous, but the aggregability requires some (strong) assumptions

on the utility function. When we lump a variety of non-food goods together, the
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aggregability is less likely to hold even as an approximation. We avoid this issue by

directly estimating a demand system with a relatively large number of goods.

Second, unlike the studies mentioned above, we use more recent rounds of FIES

data. Therefore, our results provide an update on the elasticity estimates. Finally,

we estimate elasticities over a long study period using a consistent methodology.

This allows us to understand the changes in the structure of food demand. As far as

we are aware, no study has investigated the changes in food demand structure in the

Philippines using recent data.

3 Methodology

We estimate the demand system using the Quadratic Almost Ideal Demand System

(QUAIDS) proposed by Banks et al. (1997), which has become a standard model of

the analysis of demand systems. The QUAIDS model nests the AIDS model and

retains its attraction of exact aggregability. The QUAIDS model has additional

flexibility due to the quadratic logarithmic income term. As a result, some goods

may be necessities at some income levels or luxuries at others in the QUAIDS

model.

Both the AIDS and QUAIDS model can be in principle estimated by the standard

estimation methods such as the maximum likelihood estimation (MLE). As is well

known, the computational cost of MLE substantially increases as the number of

parameters to be estimated goes up. Furthermore, the non-convergence issue is

more likely to occur when the parameter space is high dimensional. These issues

can be very serious, when the number of goods in the demand system is just

moderately large, because the number of parameters to be estimated can inflate

quickly. For example, without any additional regressors, the number of parameters

to be estimated in the standard QUAIDS model is only 22, 72, and 247 when the

number of goods in the system is 5, 10, and 20, respectively.

Therefore, applied researchers interested in the demand system of a particular set

of disaggregate goods tended to deal with this issue (1) by focusing on a subset of

the goods assuming some form of separability or (2) by aggregating the goods that

are not of their main interest. The first approach is problematic when separability

does not hold. The second approach is also problematic when the goods are not

aggregable.

Blundell and Robin (1999) address this problem by estimating a large demand

system without numerical maximization in the following manner: because

QUAIDS model is conditionally linear, we can estimate the parameter by an

ordinary least-squares (OLS) regression of the expenditure shares, taking some

price indices as given. Then, these price indices are “updated” with the estimated

coefficients. Using the updated price indices, we run an OLS regression again. This

iteration continues until convergence is attained. The iterated linear least-squares

(ILLS) estimator thus obtained is straightforward to implement and runs fast

enough for practically large models as demonstrated by Blundell and Robin
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(1999). In this study, we use a modified version of this estimator, which we refer to

as the iterated generalized linear least-squares (IGLLS) estimation. As the name

suggests, we run a (feasible) generalized least-squares (GLS) regression instead of

an OLS regression in each iteration.

Our method runs comparably fast and yields more accurate estimates for two

reasons. First, we impose the symmetry of the Slutsky matrix in the iterated

regressions. This contrasts with the minimum chi-square estimator developed by

Ferguson (1958), which is used to impose constraints after an unconstrained

estimator is obtained. While the minimum chi-square estimator is asymptotically

as efficient as the MLE under some restrictive assumptions (Rothenberg 1973), it is

not generally so in a finite sample. This issue may be particularly severe when the

variance–covariance matrix of the unrestricted estimator is not reliable. Second, we

use the variance–covariance matrix of the residuals in the iterative procedure, so

that the weights used in the regression are asymptotically optimal.

In this section, we first develop the IGLLS estimator. Because this is a straight-

forward extension of the ILLS estimator and their derivations are very similar, we

shall keep this discussion short. We then discuss how the IGLLS estimator is used

to estimate the QUAIDS.

3.1 Definition and Asymptotic Properties of the IGLLS
Estimator

Let xh and uh be a real column M-vector of control variables and a real column

K-vector of random error terms, respectively, for household h2 {1, . . ., H}. We

assume that the pair xh, uh is independently and identically distributed and that E

uh
��xh� � ¼ 0K holds for all h, where 0K is a column K-vector of zeros. The outcome

variables of interest are a real column K-vector yh, where yh satisfies yh ¼ g xh; θ0ð Þ
θ0 þ uh for some true parameter value θ0 2 Θ contained in the parameter set Θ,
which is an open and convex set on RD. We further assume that g : RM � Θ !
RK�D is a twice continuously differentiable function with respect to

θ ¼ θ1; . . . ; θD
� �T� �

, where we use a superscript to denote each vector component

except that T is used as a transpose operator.

For the simplicity of notation, we define a few additional notations. First,

we denote the non-singular finite weighting matrix by W θð Þ�E�1

yh � g xh; θð Þθð Þ yh � g xh; θð Þθð ÞT
h i

and also define W0 �W θ0ð Þ ¼ E�1 uhu
T
h

� �
.

Second, we use capital letters to denote stacked observations such that we have Y

� yT1 ; . . . ; y
T
H

� �T
andU� uT

1 ; . . . ; u
T
H

� �T
. Finally, with a slight abuse of notation, we

also define G θð Þ� gT x1; θð Þ, . . . ,gT xH; θð Þ½ �T . By definition, we have the following

relationship:
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Y ¼ G θ0ð Þθ0 þ U: ð1Þ

Notice that Eq. (1) is a standard linear equation once G(θ0) is taken as given. The
basic idea of the ILLS estimator is essentially built on this idea. That is, if we have

an estimate θ̂
pð Þ

of θ in the pth iteration, then we can “update” the estimator by

running the ordinary least-squares (OLS) estimation. However, this estimation is

bound to be inefficient when uh is correlated across h. This is indeed likely in the

estimation of demand system because the error terms across goods are likely.

Hence, instead of running OLS, we run a feasible generalized least-squares

(FGLS) regression in each iteration to obtain a more efficient estimate.

To do so, we first estimate the weighting matrix Ŵ θ̂
pð Þ� �

given θ̂
pð Þ

by the

following equation:

Ŵ θ̂
pð Þ� �

� 1

H � 1

X
h

yh � g xh;θ̂
pð Þ� �

θ̂
pð Þ� �

yh � g xh;θ̂
pð Þ� �

θ̂
pð Þ� �T" #�1

: ð2Þ

Then, we run an FGLS regression conditional onG θ̂
pð Þ� �

in Eq. (1) using Ŵ θ̂
pð Þ� �

in Eq. (2) as a weighting matrix to obtain a new (updated) estimator in the following

manner:

θ̂
pþ1ð Þ ¼ GT θ̂

pð Þ� �
IH � Ŵ θ̂

pð Þ� �� �
G θ̂

pð Þ� �h i�1

GT θ̂
pð Þ� �

IH � Ŵ θ̂
pð Þ� �� �

Y
h i

;

ð3Þ

where IH is an H � H-identity matrix and � is the Kronecker-product operator.

Therefore, once we have an initial estimate θ̂
0ð Þ
, we obtain a sequence of

estimates θ̂
0ð Þ
,θ̂

1ð Þ
,θ̂

2ð Þ
, . . . by continuing the iteration. We obtain our iterated

generalized linear least squares (IGLLS) as a limit of this sequence. Notice that

the only difference between the IGLLS and ILLS is the presence of weighting.

Therefore, if we use IK instead of Ŵ θ̂
pð Þ� �

in Eq. (3), we obtain the ILLS estimator.

Because IGLLS is taken as a limit of the sequence, the IGLLS estimator θ̂
satisfies the following equation by construction:

θ̂ ¼ GT θ̂
� �

IH � Ŵ θ̂
� �� �

G θ̂
� �� ��1

GT θ̂
� �

IH � Ŵ θ̂
� �� �

Y
� �

: ð4Þ

It can be shown that θ̂ is a consistent estimator of θ0 and asymptotically normally

distributed under suitable regularity conditions as shown in the following theorem:
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Theorem 1 Let ed be a row D-vector whose dth component is one and all the other
components are zero and define the following quantity:

h xh; θ0ð Þ�
X
d

∂g xh; θ0ð Þ
∂θd

θ0ed,

whose dth column vector is the partial derivative of g with respect to the dth
component of θ multiplied by θ0. Further define

M0 �E gT xh; θ0ð ÞW0g xh; θ0ð Þ� �
and Q0 �M0 þ E gT xh; θ0ð ÞW0h xh; θ0ð Þ� �

:

Then, under suitable regularity conditions, θ̂ given in Eq. (4) satisfies

θ̂ !a:s: θ0 and
ffiffiffiffi
H

p
θ̂ � θ
� �!d N 0,Q�1

0 M0Q
�T
0

� �
:

The asymptotic variance can be estimated by replacing θ0 with its estimateθ̂ in

Q0 and M0 above.

3.2 Application of the IGLLS Estimator to the QUAIDS

We now apply the IGLLS estimator to the QUAIDS. Suppose that there are N goods

in the economy, and denote the column N-vector of the logarithmic prices by

p� p1; . . . ; pN½ �T . We let the logarithmic expenditure be m. The QUAIDS pro-

posed by Banks et al. (1997) follows from the following indirect utility function:

ln v m; pð Þ ¼ m� a pð Þ
b pð Þ


 ��1

þ c pð Þ
 !�1

; ð5Þ

which is an extension of the price-independent generalized logarithmic (PIGLOG)

indirect utility function used by Muellbauer (1976) and satisfies exact

aggregability. The price indices a( p), b( p), and c( p) are defined in the following

manner:

a pð Þ� a0 þ αT pþ 1
2
pTΓ p, b pð Þ� exp βT p

� �
, and c pð Þ� λT p;

where α ¼ α1; . . . ; αNð ÞT , β ¼ β1; . . . ; βN
� �T

, λ ¼ λ1; . . . ; λN
� �T

, and

Γ ¼ γn1,n2ð Þ1�n1,n2�N . We set a0 to be the observed minimum value of

m following Deaton and Muellbauer (1980) and Banks et al. (1997). Applying

these definitions and Roy’s identity in Eq. (5), we have the following column

N-vector of expenditure share functions w ¼ w1; . . . ;wNð ÞT :

w ¼ αþ β m� a pð Þð Þ þ λ

b pð Þ m� a pð Þð Þ2 þ Γ p: ð6Þ

Because the expenditure shares add up to one when summed across all the goods,
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w has to satisfy wT1N ¼ 1 for all p, where 1N is column N-vectors of ones.

Therefore, this adding-up constraint requires the following restrictions on α, β, λ,
and Γ:

αT1N ¼ 1, βT1N ¼ λT1N ¼ 0, and ΓT1N ¼ 0N:

Since all of these constraints are linear in the parameters, we can impose the

constraints simply by eliminating the redundant parameters from the equations.

That is, we can rewrite the adding-up constraints as follows:

αN ¼ 1�
XN�1

n¼1

αn, βN ¼ �
XN�1

n¼1

βn, λN ¼ �
XN�1

n¼1

λn, and γN,n ¼ �
XN�1

m¼1

γm,n for n

2 1; . . . ;Nf g:

With these constraints, the Nth equation in Eq. (6) is trivially satisfied. Thus, we can
simply drop the Nth equation to arrive at a system of K(¼N� 1) estimation

equations. Furthermore, note that symmetry of the Slutsky matrix requires Γ¼ΓT.
Therefore, together with the adding-up constraint, we must have

γn,N ¼ �
XN�1

m¼1

γn,m for n 2 1; . . . ;Nf g:

Using this, we can rewrite the system of equations in Eq. (6) with the Nth
component dropped. To this end, we denote w, α, β, λ, and γ with their Nth

component dropped by ew, eα, eβ, eλ, and eγ . Similarly, we denote Γ with its last row

and column dropped by eΓ. We further define ep to be a K-vector of (normalized)

prices, whose kth element is pk � pN , and also define ea0 � a0 þ pN . Then, we can
rewrite the system of estimation equations as follows:

ew ¼ eα þ eβ m� ea epð Þð Þ þ
eλeb epð Þ m� ea epð Þð Þ2 þ eΓep;

where ea epð Þ and eb epð Þ are defined as follows:

ea epð Þ� ea0 þ eαTep þ 1

2
epTeΓep and eb epð Þ� exp eβTep� �

:

The symmetry constraint for the estimation of QUAIDS models is often not

imposed when running regressions, as is the case with Blundell and Robin (1999),

but by the minimum chi-square distance estimator. As Blundell (1988) and Brow-

ning and Meghir (1991) argue, this approach has an advantage that the resulting

chi-squared statistic can be used to test the symmetry. However, the minimum
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chi-square distance estimator requires accurate estimation of the variance–covari-

ance matrix of the unrestricted estimator. This can be problematic in a finite sample

when the number of goods in the economy is large. This is an important issue

especially because the strength of the ILLS estimator is in its ability to estimate

large demand systems.

Therefore, we directly impose the symmetry constraint by suitably transforming

the problem. We note that the symmetry and adding-up constraints imply that there

are L�K(K + 1)/2 free parameters in Γ. With a slight abuse of notation, we write

these free parameters by γl ¼ γk1,k2 ¼ γk2,k1
� �

for l ¼ k1 � 1ð Þk1=2þ k2 with

1 � k1 � k2 � K. It is also convenient to define the mapping from l to the

corresponding pair of indices. That is, we have γl ¼ γi1 lð Þ, i2 lð Þ for all l by defining

i1 lð Þ ¼ maxi2N i
i� 1ð Þi
2

< l

����� 

and i2 lð Þ ¼ l� i1 lð Þ � 1

�
i1
�
l

� �
2

:

To apply the IGLLS estimator in the estimation of a QUAIDS, it is useful to

define a few matrices. Let us define

A1
h � mh � ea ephð Þð ÞIK and A2

h �
mh � ea ephð Þð Þ2eb ephð Þ IK;

where IK is a K�K-identity matrix and the subscript h denotes a household.

Furthermore, let us define a K� L-matrix A3
h, whose (k, l ) element is k ¼ i2 lð Þ if

k ¼ i2 lð Þ, epi2 lð Þ
h if k ¼ i1 lð Þ, and zero otherwise. Using these notations, we can write

the system of estimation equations as follows:

ewh ¼ g xh; θð Þθ þ uh

where the set of parameters to estimate is θ ¼ α1; . . . ; αK; β1; . . . ; βK; γ1; . . . ; γL
� �T

,

the observable characteristics are xh ¼ mh; ephð Þ, and g xh; θð Þ ¼ IK;A
1
h;A

2
h;A

3
h

� �
.

Note that θ is unconstrained, because both the adding-up and symmetry constraints

have already been internalized.

So far, we have ignored the potential heterogeneity in demand across different

households with different demographic groups. To address this issue, we also

include a few demographic variables such as the household size, the gender of

the household head, and the educational attainment of the household head using the

method adopted by Abdulai (2002), which adjusts the intercept term a0 by the

demographic characteristics of the household.

To estimate the variance–covariance matrix for the IGLLS estimator, it is

necessary to find h(xh, θ) defined in Theorem 1. To this end, we define π to be an

L-vector of quadratic logarithmic prices whose L-th element is pi1 lð Þ pi2 lð Þ if i1 lð Þ
¼ i2 lð Þ and2pi1 lð Þ pi2 lð Þ if i1 lð Þ 6¼ i2 lð Þ. Using this, it can be shown that h(xh, θ) can be
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written as h xh; θð Þ ¼ B1
h;B

2
h;OK;B

3
h

� �
, where OK is a K�K-matrix of zeros and B1

h,

B2
h, and B3

h are defined as follows:

B1
h ¼ � eβ þ 2 m� að Þ

b
eλ� �epT ,B2

h ¼ � m� að Þ2
b

eλepT , and B3
h

¼ �
eβ
2
þ m� að Þ

b
eλ !

πT :

It is convenient to present the results in terms of the elasticity. The budget

elasticities ξkh and uncompensated price elasticities ρk1,k2h for household h are given

by the equations

ξ kh ¼
1

wk
h

βkþ2λk mh�a phð Þð Þ
b phð Þ

� �
þ1

ρk1,k2h ¼ 1

wk
h

γk1,k2 �λk1βk2 mh�a phð Þð Þ2
b phð Þ

 !
� ξk1 �1
� �

αk2 þ
X
n

γk2,n pn
 !

�δk1k2 ;

8>>><>>>:
ð7Þ

where δk1k2 is the Kronecker delta. We aggregate the elasticities found in this way by

taking the weighted average with the weights being equal to the household’s share
of the total sample expenditure for the good of interest.

4 Data

For our empirical application, we combine FIES data with the annual Consumer

Price Index (CPI) data, both of which are collected by the National Statistics Office

(NSO) of the Philippines. The FIES contains detailed questions on consumption

and expenditure as well as some other characteristics of the household. We focus on

urban single-family households headed by a married working-age person with at

least one child and no more than seven children to have reasonably homogeneous

household composition. We use six rounds of the FIES data in 1998, 1991, 1994,

2000, 2003, and 2006 for this study, which contain 4584, 7577, 7262, 10270, 8652,

and 7289 households, respectively.

The CPI data are based in year 2000 and available at the provincial level or lower

for an overwhelming majority of the FIES households.1 For a small fraction of FIES

households where the CPI data are not available at the provincial level, we use the

1 There are about 80 provinces in the Philippines during the study period, though the definitions of

provinces change slightly over time. We use the finest geographic disaggregation that is possible in

the data.
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regional CPI data for the survey year. To use the differences in the price changes

across provinces over time, we divide the data into pre-1997 period (i.e., 1988,

1991, and 1994) and post-1997 period (i.e., 2000, 2003, and 2006).

In this study, we only take the urban sample in the FIES data set. This choice is

driven by two considerations. First, the CPI data are mainly collected in urban

areas. Therefore, CPI may not capture very well the actual price system that rural

households face. Second, most studies on food demand in China we are aware of are

focused on urban areas. Therefore, to facilitate the cross-country comparisons

between China and the Philippines, it is sensible to use only the urban data.

Because the definition of goods between the FIES and CPI are not the same, we

have aggregated both data across goods so that the definitions of goods in the two

data sets match.2 As a result of this aggregation, we have the price and expenditure

share for each household and for each of the 19 items of goods (expenditure

categories), which include seven food items and 12 non-food items. Table 1

shows the definition of the 19 expenditure categories as well as their expenditure

share in 1988 and 2006 disaggregated by the per capita expenditure quintile of the

household, where Q1 represents the top (richest) quintile and Q5 the bottom

(poorest) quintile. The reported figure in each cell is calculated as the average

share for each item and quintile weighted by the product of the household’s total
expenditure and the household’s sample weight.

As can be seen from Table 1, there are some consistent patterns that are observed

over the study period. For example, the share of cereal (item #1) expenditure is

lower for richer quintiles, a finding that is expected from previous studies. Table 1

also shows that there is some heterogeneity in the relationship between expenditure

share for non-food items and total expenditure quintile. For example, richer house-

holds tend to allocate a higher share of expenditure on the rental of dwelling unit

(item #11), transportation and recreation (item #16), communication (item #17),

and household furnishing and equipment (item #18). However, there is no such

relationship for fuel, light, and water (item #12), and only a weak relationship is

observed for medical care (item #14) and personal care and household operation

(item #15).

Table 1 is also consistent with the westernization of Filipino diet during the

study period. While the expenditure shares for major food items have declined, the

relative declines are different across food items. Therefore, the relative importance

of dairy and eggs (item #2) and meat (item #5) within the food budget has increased

over time. On the other hand, cereals (item #1), the most important food category in

the traditional Filipino diet, have witnessed the largest absolute decline in the

expenditure share during our study period.

2 Apparently, Mutuc et al. (2007) have used FIES data for the year 2000, which contain the

expenditure and quantity for each food item. However, the data we purchased from the NSO only

contain the expenditure data, and thus we cannot derive the implicit prices households face from

the FIES data. Furthermore, it would not be possible to obtain relevant quantities for non-food

items. Therefore, we chose to aggregate goods instead in this study.
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Table 2 describes the household characteristic variables used in this study. The

reported figures are the mean within each quintile weighted by the sample weight.

The first row (HHSIZE) shows that poor quintiles tend to have a larger household

and that the household size has declined for all the quintiles over the study period.

The second, third, and fourth rows show that the household heads in richer quintiles

tend to be better educated than those in poorer quintiles. Note that those who have at

least some secondary (college) education are automatically deemed to have at least

some primary (secondary) education. Therefore, HHSEC (HHCOL) is by definition

no larger than HHPRI (HHSEC) for all quintiles. The fourth row shows that the top

quintile is disproportionately represented by female headed households. We find no

obvious difference in head’s age across different quintiles.

5 Results

We estimate the QUAIDS for the 19 items using the IGLLS estimator presented in

Sect. 3 for 1988–1994 and 2000–2006 periods separately. In all the regressions, we

control for the region and year. Table 3 reports the estimated coefficients on

demographic shifters and their statistical significance. For example, it shows that

the expenditure share for cereals tends to increase by 1.71 and 1.53 % points,

respectively, for the periods of 1988–1994 and 2000–2006 when the household has

one additional member, after controlling for a variety of other factors.

Table 3 also shows that better educated households tended to spend a higher

share of expenditure on major protein sources including dairy and eggs (item #2),

fish and seafood (item #3), and meat (item #5) for the 1988–1994 period, even after

controlling for a variety of other factors including the total budget. While this

pattern still exists for the 2000–2006 period, the gap between educated and

non-educated households appear to have narrowed slightly.

Tables 4 and 5, respectively, present the total budget elasticities and

uncompensated own-price elasticities for food items based on Eq. (7) as well as

their changes over time and the statistical significance of the changes due to the

independent test of equality. To obtain these estimates taking account of both the

model and sampling errors, we randomly draw the parameters from a normal

distribution with the estimated asymptotic mean and variance for 1000 rounds of

simulation and impute the elasticities for each household for a bootstrapped sample

in each round. We then aggregate over each quintile and obtain an estimate for each

round. Taking the mean and standard deviation of these estimates over all the

rounds, we have the estimated point estimates and their standard errors.

Table 4 shows that the budget elasticity is smaller for richer quintiles for all food

items. The table also shows that the budget elasticity has generally declined over

time. This is not surprising given the economic growth that has taken place over the

study period. The only exception is cereals (item #1) for the top quintile, which is

also not so surprising because households in the top quintile are already able to fully
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satisfy their basic needs and cereals are, therefore, budget inelastic. This pattern did

not change over time.

Table 5 shows that the uncompensated own-price elasticities are strikingly

similar across quintiles for all the food items except for cereals (item #1). Cereals

are clearly inferior goods for the top quintile, but it is a normal good for poorer

quintiles. Table 5 also shows that there has been a statistically and economically

significant decline in the magnitude of elasticity for fruits and vegetables (item #4)

and beverages (item #7), whereas there has been a significant increase for meat

(item #5). Both Tables 4 and 5 strongly indicate the presence of structural change

between 1988 and 2006 as has been found in studies in China.

While our results cannot be directly compared with the studies on food demand

in China because of the difference in the definition of food items, coverage of time

periods, and the methodology used to derive elasticities, there are some common

patterns observed in the changes in food demand between the two countries. First,

increases in the magnitude of uncompensated own-price elasticity for meat have

been observed in several studies in China. For example, Hovhannisyan and Gould

(2014) report that the meat price elasticity has changed from �0.618 to �0.978 in

their study period between 2002 and 2010. For earlier periods, Hovhannisyan and

Gould (2011) estimate uncompensated own-price elasticities for beef, pork, and

poultry for 1995 and 2003. The elasticities for pork and poultry have increased

substantially, whereas that for beef slightly declined.

Second, as with our study, Hovhannisyan and Gould (2011) also find that the

uncompensated own-price elasticities for vegetables and fruits have declined in

their magnitudes between 1995 and 2003 (�0.520 to �0.457 for vegetables and

�0.923 to�0.699 for fruits). For the period between 2002 and 2010, Hovhannisyan

and Gould (2014) indicate that vegetables have become less elastic whereas fruits

have become only slightly more elastic. Finally, Hovhannisyan and Gould (2011)

find that the budget elasticity of demand has declined for a majority of food items

they studied, which is similar to what we find.

6 Discussion

In this paper, we have estimated QUAIDS over a long period of time using a

consistent methodology. While we have focused on the food demand, we chose to

estimate the whole demand system to avoid assuming separability and excessively

aggregating non-food items. However, this necessitates the estimation of a large

demand system, which involves a large number of parameters. This issue becomes

even more serious when some key demographic variables are included in the

regression as they inflate the number of parameters to be estimated. To address

these issues, we exploit the conditional linearity of the QUAIDS and developed and

applied the IGLLS estimator.

Using six rounds of the FIES data, we have estimated a QUAIDS with 19 goods.

We find that the urban Filipino diet is getting more westernized and that the food
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demand in the Philippines has structurally changed during our study period between

1988 and 2006. In particular, the changes in demand for meat, vegetables, and fruits

in the urban Philippines have been qualitatively similar to those observed in China.

The estimation results presented in this study have some policy implications. For

example, as we have seen in the case of recent food inflation, the prices also affect

poverty heterogeneously across households (Fujii 2013). Therefore, how food

demand changes according to the changes in prices and incomes and how it varies

across households are crucial for the assessment and formulation of economic

policies, including agricultural subsidies, taxes, infrastructure investment, and

social protection.

Our results also have some business implications. In general, if markets are

segmented and people in different budget quintiles respond differently to price or

total budget changes, then separate marketing and pricing strategies may be needed

for different per capita expenditure quintiles. As we can see from Tables 4 and 5,

there is a marked difference across quintiles for the demand of cereals (item #1).

However, the price elasticities for other major food items including dairy and eggs

(item #2), fish and seafood (item #3), fruits and vegetables (item #4), and meat

(item #5) are rather similar across quintiles. Therefore, we do not have evidence to

suggest that separate pricing strategies are needed for these items in the Philippines.
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