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ENGEL FLEXIBILITY IN HOUSEHOLD BUDGET STUDIES:
NON-PARAMETRIC EVIDENCE VERSUS STANDARD

FUNCTIONAL FORMS

by

Maureen D. RIMMER and Alan A. POWELL

ABSTRACT

At least since the mid-1970s, the emphasis in applied
demand analysis has been on a flexible specification of substi-
tution effects.  Recent theoretical work by Cooper and McLaren
(1992a&b, and 1996) and Cooper, McLaren and Parameswaran
(1994) has put more emphasis on effectively globally regular
systems which allow greater flexibility in the treatment of Engel
effects.  However, current empirical work continues to use a
relatively inflexible treatment of Engel effects.

Following Lewbel's (1991) lead, in the present paper we
attempt to evaluate the need for a more flexible treatment by
examining Engel effects in the Australian Household Expenditure
Survey for 1988-89 from an agnostic position in which the form of
the Engel response is entirely data-determined.  We do this using
non-parametric procedures in the statistical package S-Plus.
Contrary to common practice (and confirming Lewbel's empirical
results for U.K. and U.S. data), we find evidence of non-monotonic
responses of budget shares with increasing income.  This argues
in favour of more flexible forms for Engel curves such as those
explored in recent work by Cooper and McLaren (1996) and by
Rimmer and Powell (1992a&b, and 1996).  Using the same
methodology, we also carry out a brief exploration of the influence
of demographic effects on household Engel responses.
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ENGEL FLEXIBILITY IN HOUSEHOLD BUDGET STUDIES:

Non-parametric Evidence versus Standard Functional Forms

by

Maureen T. Rimmer and Alan A. Powell*

Monash University

1. Introduction

For the past three decades key issues in demand analysis have been
flexibility in specification and the incorporation of demographic influences.  More
recently attention has focussed on the attainment of flexibility without sacrificing
regularity.

In the estimation of demand systems for a dozen or so generic commodities
at the top level of aggregation (categories like 'Fruit and vegetables', 'Clothing and
footwear', ...), typically directly additive preferences have been imposed on the
underlying utility function.  The most celebrated additive-preference demand
system, Stone's (1954) Linear Expenditure System (LES), has at least one draw-
back for empirical work; namely the constancy of marginal budget shares (MBSs) 1

 a liability shared with the Rotterdam system (Barten, 1968; Theil, 1965, 1967).
Holbrook Working (1943) provided a parsimonious yet empirically successful way
of allowing marginal budget shares to respond to income levels; his is the Engel
specification adopted within an additive preference framework by Theil and
Clements (1987) and in Deaton and Muellbauer's (1980)  almost ideal demand
system (AIDS).

Working's formulation and AIDS share the problem that under large changes
in real income, budget shares can stray outside the [0,1] interval  defying global
regularity.  It was such irregular behaviour that led Cooper and McLaren (1991,
1992a) to modify the AIDS system to become MAIDS, a system with regular
properties over a much wider subset of price-expenditure space and to propose
(1992b, 1993) a new class of effectively globally regular  (EGR) demand systems
which offer very flexible specifications of Engel effects.  Rimmer and Powell
(1992a, 1992b) have estimated an EGR system, AIDADS (an implicitly directly
additive demand system), using both Australian time series data and international
comparisons data.

Lewbel (1991) proposed that a non-parametric approach should be used as a
'pre-specification tool' in the estimation of demand systems.  Lewbel's definition of
the rank of a demand system is equivalent to the number of independent price
indices required for a global specification of the indirect utility function.  He
suggests an association between this rank and the flexibility of Engel curves.
Using U.S. and U.K. official survey data for 1970-84 and for 1982 respectively he

* The authors are grateful to Tim R. L. Fry for his constructive comments and for drawing
their attention to several of the references cited below, and to Keith R. McLaren for helpful
comments, and general encouragement.  The errors are our own.

1 Let x
i
 stand for the quantity of i demanded, p

i
 for its price, and M for total nominal

expenditure. By the ith marginal budget share we mean p
i
 ∂x

i
 /∂M.
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found overwhelming support for non-monotonic behaviour of budget-share curves
(against income), which he interpreted as implying rank > 2.  This degree of
Engel flexibility is not present in the most commonly used parametric demand
systems (which all have rank 2).2

Moving to a more flexible framework and greater disaggregation incurs a
cost in parameter requirements and with it estimating difficulties.  The intro-
duction of demand systems in which households are differentiated by attributes
also mitigates against a parsimonious specification.

The introduction of demographics into household demand systems was
pioneered by Barten (1964).  Since then several methods for including
demographics have been explored —  see for example Pollak and Wales (1981,
1992), Ray (1983) and Muellbauer (1977).  Rimmer and Powell (1993) have
discussed the implementation of demographics in an EGR demand system.

Given the heavy parameter requirements of flexible demand systems with
demographic enhancement it is not perhaps surprising that current practice in
empirical work with demographically enriched demand systems is to incorporate
relatively inflexible treatments of Engel effects; see, for example Chatterjee and
Ray (1992) who estimated a demand system from the Australian Household
Expenditure Survey (HES).

The aims of this paper are to assess:

¥ the need for a more flexible Engel specification of consumer demand
systems.  This is done by  examining the form of the Engel effects in
the HES data set for 1988-89 from an agnostic position in which the
fitted responses are entirely data-determined; as well as

¥ the need to include demographics in empirical demand systems.  We
approach this by partitioning the households in this HES data set
according to a demographic criterion, reestimating the Engel
responses, and comparing these for the different demographic groups.

These examinations are done using non-parametric procedures in the statistical
package  S-Plus3.

The remainder of this paper is structured as follows.  In Section 2 the data
is  described.  Section 3 contains the results and the conclusion is in Section 4.

2. Data

The 1988-89 Household Expenditure Survey (HES) contains detailed socio-
economic and demographic data on 7,225 households and the 27,329 individuals
that make up these households, as well as expenditure by household individuals on
421 commodities.  There are 542,405 separate expenditure entries in the HES.

Historically, household demand systems have been developed under the
assumption that the household is a single-entity decision maker that maximizes its
utility subject to a budget constraint, where the behaviour depends on commodity
prices and total household expenditure alone.   In such a system, demographic

2 The authors do not know of any demand systems of rank 2  with budget-share curves
which are not monotonic in income.

3 S-Plus for Windows has been developed by Statistical Sciences, Inc.,  Seattle, Washington
USA.   It is distributed in Australia by the CSIRO Division of Mathematics and Statistics,
Macquarie University Campus, North Ryde, NSW.
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attributes such as household composition, age of head of household, region etc.,
play no part.  Clearly though, demographic factors do play a role in household
demand: for example,  households which include children will demand more toys.

The introduction of demographics challenges the notion that the household
has a single-entity decision maker: in reality there may be more than one budget
constraint and more than one household member making purchasing decisions.
The complications introduced by such an approach are considerable and probably
beyond the reach of our data set.  But more to the point, we do not fit an
expenditure system in this paper; rather we fit, as single equations, budget share
regressions for a set of commodities spanning household consumption.  With this
relatively rich-in-degrees-of-freedom data set, we really do attempt to 'Let the
data speak!'

2.1 Editing the Expenditure Data

Whilst the data is relatively abundant, it is not limitless, nor are the
resources available to us for its analysis; moreover, it is relatively noisy.  To
preserve some level of parsimony, we aggregated the more than 400 HES
expenditure items into just 21 commodities.  They are listed in Table 1.

Table 1

Household Expenditure Commodities
aggregated from HES

  1 Bread, cereal & grain products
  2 Meat & fish
  3 Dairy, eggs & oil products
  4 Sugar, preserves and confectionery
  5 Fruit & vegetables
  6 Other food & non-alcoholic drinks
  7 Alcohol
  8 Cigarettes & tobacco
  9 Clothing & footwear
10 Housing expenditure

(consumption)
11 Fuel (not including motor vehicle)
12 Furniture & other household

durables
13 Private transport
14 Public transport (surface)
15 Public transport (air)
16 Leisure goods & services
17 Other goods
18 Other services
19 Privately purchased health
20 Housing expenditure (capital)
21 Capital goods & services

The mapping of the HES expenditure items into the 21 aggregate com-
modities of Table 1 is given in Appendix 1.  Each HES expenditure item is
mapped to a single aggregate commodity with the exception of  HES expenditure
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item 105 (Household and Contents Insurance (selected dwelling)) —  which is
partitioned equally into commodity 10 (Housing expenditure (consumption)),  and
commodity 12 (Furniture and Other Household Durables).  The tenth aggregate
commodity, Housing expenditure (consumption), represents the consumption
costs of housing and consists of rent, water and general rates, body corporate
payments and maintenance and repair related payments.  For renting households
this aggregate commodity 10 primarily consists of rent, although in some cases
rate payments, etc., are made by renters and are included in this commodity.
Such payments are treated as virtual rent (i.e., it is assumed that a higher rent
would otherwise have been paid).

On inspection of the HES expenditure data for the 21 commodities in Table
1 it is discovered that over 7000 households have a zero expenditure on either
Public transport (surface), commodity 14, or Public transport (air), commodity 15.
Since these two commodities can be naturally combined this aggregation is
performed to form a new commodity, Public transport, which has 4162 zero
entries.

The last two commodities in Table 1 are capital expenditure rather than
consumption expenditure and are therefore omitted from this study with total
household expenditure being adjusted accordingly.  With these changes there are
18 commodities in this study over which households allocate their consumption
expenditure.  These commodities are shown in Table 2.

Table 2

 Household  Current Expenditure Commodities used in this Study

  1 Bread, cereal & grain products
  2 Meat & fish
  3 Dairy, eggs & oil products
  4 Sugar, preserves and confectionery
  5 Fruit & vegetables
  6 Other food & non-alcoholic drinks
  7 Alcohol
  8 Cigarettes & tobacco
  9 Clothing & footwear
10 Housing expenditure (current)
11 Fuel (not including motor vehicle)
12 Furniture & other household durables
13 Private transport
14 Public transport
15 Leisure goods & services
16 Other goods
17 Other services
18 Privately purchased health

The households in the study are partitioned into 15 groups according to
type of occupancy and broad demographic status.  These household types are
described in Table 3.
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For the households that own or are buying their residence, Commodity 10 —
Housing expenditure (consumption) — does not adequately reflect the flow of
housing services, as there is no rent component.  To rectify this situation hedonic
regressions were conducted on Housing expenditure (consumption) for each of
the 5 renting household types listed in Table 3.  In these regressions, reported in
Table 4, Housing expenditure (consumption) is regressed on a constant, the
number of bedrooms in the residence, the location of the dwelling and a dummy
variable taking the value one if the residence is rented from the government and
zero otherwise.  The results of these regressions were used to obtain imputed
Housing expenditure (consumption) for the households that own or are buying
their residence.

The only exception to this procedure was for households whose residence is
a caravan.  For such caravan-renting households a regression, involving as a
dependent variable the number of bedrooms, would be inappropriate.   As the total
number of households residing in caravans is only 88 out of the 7225 households
it was decided to assign to the non-renting caravan dwellers (75 in number) the
average Housing expenditure (consumption ) of the 13 renting caravan dwellers.
With this task completed a data set containing consumption expenditure on 18
commodities by 7225 households partitioned into 15 household types became
available.

Table 3

Household Categories

Nature of occupancy Household status

  1 owned outright or rent free single parent with dependent(s)

  2 owned outright or rent free married couple with 1 income unit

  3 owned outright or rent free married couple with >1 income unit

  4 owned outright or rent free single person

  5 owned outright or rent free  all other

  6 being bought single parent with dependent(s)

  7 being bought married couple with 1 income unit

  8 being bought married couple with >1 income unit

  9 being bought single person

10 being bought  all other

11 renting single parent with dependent(s)

12 renting married couple with 1 income unit

13 renting married couple with >1 income unit

14 renting single person

15 renting all other

On inspection of this expenditure data it was discovered that there were
over 300 households that showed negative expenditure on one or more
commodities and indeed that 28 households had negative or zero total expen-
diture.  The households  with non-positive total expenditure were omitted from
this study, bringing the total number covered here to 7197.  Apart from two
isolated instances, the cases of negative commodity expenditure were confined to
the two commodities listed in Table 5.
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Table 4
Hedonic Regressions for Imputation of Housing Rent

Regression Equation:

h  =  α1 a1 + α2 a2 + α3 a3 + β b + γ g + ε
where α1, α2, α3, β and γ are parameters, ε is the error term and

h = housing expenditure (consumption)
a1 = 1 if area of residence  =  city (0 otherwise)
a2 = 1 if area of residence  =  urban (0 otherwise)
a3 = 1 if area of residence  =  rural (0 otherwise)
b = no. of bedrooms in the residence and
g = a dummy variable taking the value one if the residence

 is rented from the government (zero otherwise)

Type of household Sample
size

Parameter estimates

α1 α2 α3 β γ R
_

2

Single parent with
dependants

231 97.28

(11.31)

76.15

(8.36)

85.75

(5.13)

4.28

(1.35)

-60.07

(15.25)

.53

Married couple,
 1 income units

692 94.01

(14.30)

74.80

(9.90)

49.45

(4.92)

8.40

(3.43)

-48.03

(12.16)

.21

Married couple,
 > 1 income units

476 91.60

(3.69)

52.44

(1.97)

22.61

(0.71)

13.51

(1.77)

-50.58

(4.57)

.24

Single person 113 69.81

(17.20)

48.91

(9.51)

35.78

(3.67)

8.48

(4.20)

-46.24

(13.25)

.32

Other 343 97.90

(9.95)

71.72

(6.23)

26.80

(1.06)

13.49

(3.65)

-62.01

(8.14)

.23

*  t values shown in parentheses

Table 5
Major Items showing Negative Expenditure

Commodity Description No. cases of negative
expenditure

13 Private transport 230

15 Leisure goods and services 146
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The two isolated cases of households with negative expenditure on
commodities other than numbers 13 and 15 were removed, bringing the number
of households left in the study to 7195.

Negative expenditure on commodities 13 and 15 can occur because the data
collected is "net" expenditure: households selling a car or boat, for example, may
well show substantial negative expenditure.

To overcome this problem we conducted hedonic regressions.  These
regressions are of Commodity 13 or 15 expenditure (positive values only) on a
number of variables from the HES: 18 dummy variables and 3 other variables were
used.  These are listed in Table 6.

Table 6

Demographic Variables used in Hedonic Regressions to

Eliminate Negative Expenditure on Items 13 and 15

No.  Variables Variable name

1 no.  of persons in household

1 no.  of employed persons in household

1 total expenditure of household

15 household type (Table 3)

3 area of dwelling (city, urban, rural)

The regression coefficients so obtained were used to impute a positive
expenditure value for each household with negative actual expenditure on these
commodities.  We based these imputations upon the following assumptions:

(i) that the only households in the HES selling assets under commodity
numbers 13 and 15 in the period of record are those with negative
expenditures recorded against those items;

(ii) that no recorded positive expenditures on these commodities represent
purchases of capital items except those which lie two or more standard
deviations above the fitted regression estimate of the conditional mean
(for a household with the same characteristics and total expenditure as
the household recording high expenditure).  To 'finance' the changes in
total (within commodity, across households) expenditure caused by the
imputation of positive expenditure to households with recorded negative
expenditure on these commodities, enough of the excess expenditure
above the two-standard-deviation limit was removed from each of the
relevant positive-expenditure households and notionally redistributed to
households with negative expenditure so as to keep total (within
commodity, across households) expenditure on each of commodities 13
and 15 unchanged at their recorded values.

 Having dealt with negative commodity expenditure by households, we are
still left with individual commodity expenditures of zero magnitude.  Methods for
dealing with this have been proposed by Wales and Woodland (1983), Lee and Pitt
(1986) and by Pudney (1989).  The last-mentioned notes (p. 158) that quite
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sophisticated statistical methods (e.g., based on censored regressions) have been
developed without much regard to the economic genesis of the problem.  He lists
three possible circumstances in which a decision-maker may not purchase a
particular item during the survey period of record.  Paraphrased, they are:

i. the observation period is too short;
ii. the agent had no option to make the purchase (item temporarily

unavailable in local stores);
iii. the agent is at a genuine corner solution.

Below we attribute all of the zero recorded purchases just to item (i).  We realize
that in the case of commodities 7 and 8 (Alcohol and Cigarettes and tobacco)
there may be some genuine corners involved.

The problem of zero recorded expenditure in the HES is considerable:  see
Table 7 below.  In addressing this problem our assumption is that households do
not necessarily purchase in the (weekly) survey period what they consume.  For
example, a household might purchase most of its food re quirements once a
fortnight while consumption is even across the fortnight: this could result in zero
entries for one or more of commodities 1 through 7 in Table 2.

Table 7

 Households with Recorded Zero Commodity Expenditure

Commodity No. households
with zero

expenditure*

Useable
sample

size

  1 Bread, cereal & grain products 80 7115
  2 Meat & fish 357 6838
  3 Dairy, eggs & oil products 96 7099
  4 Sugar, preserves and confectionery 508 6687
  5 Fruit & vegetables 227 6968
  6 Other food & non-alcoholic drinks 58 7137
  7 Alcohol 2482 4713
  8 Cigarettes & tobacco 4290 2905
  9 Clothing & footwear 1983 5212
10 Housing expenditure (current) 7 7188
11 Fuel (not including motor vehicle) 134 7061
12 Furniture & other household durables 367 6828
13 Private transport 581 6614
14 Public transport 4162 3033
15 Leisure goods & services 957 6238
16 Other goods 96 7099
17 Other services 98 7097
18 Privately purchased health 628 6567

*  total no. of households is 7195

To rectify this divergence between the time frame of purchase and
consumption we proceed as follows.  Firstly we separate expenditure data by
commodities (see Table 2) and by household type (see Table 3).  We further
separate these by quarter of enumeration (to remove seasonality effects) to give
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1060 expenditure cells (18×15×4).  We denote by Eijk the total expenditure on
commodity i by all households of type j with quarter of enumeration k.

We describe households belonging to household category j (see Table 3)
enumerated in quarter k as being of type (j,k).  We assume that (j,k)-type
households who actually purchase i, take longer than the survey week to
"consume" their purchases.  In particular, we assume that consumption is spread
over 1/pijk weeks, where pijk is the proportion of i-purchasing households of type
(j,k) to all households of type (j,k).  The total amount of i consumed in the survey
week by households purchasing i in that week is thus reckoned to be pijkEijk.

We further assume that the total amount of i purchased by (j,k)-type
households is equal to the total amount consumed by all (j,k)-type households.
The  households of type (j,k) that do not purchase i are assumed to consume an
equal share of the remainder of Eijk; that is, (1-pijk) Eijk is distributed equally
among households of type (j,k) that did not make purchases during the survey
week.   These changes in expenditure patterns are neutral in total expenditure on
commodity i over households of type (j,k).

With these adjustments complete, the expenditure data was converted to
budget shares.  The resultant data set includes income and budget shares for the
18 aggregate consumption commodities for each household, yielding an
observation matrix of  dimension 18 ×  7195:  17 independent budget shares plus
total expenditure for each household.

Because the zero-purchase households all are allocated an equal share of the
expenditure by positive-expenditure households that is reckoned to be in excess
of current requirements, the zero-purchase observations on their own provide no
basis for estimating the response of expenditure by the zero-purchase group to
changes in total expenditure.  The inclusion of these data points in the sample
would bias the estimates of Engel effects for the remaining households.
Accordingly, the estimates reported graphically below are based only on the
positive-expenditure households.  Note that these households have had their total
expenditure adjusted in the manner described above.

2.2 Demographic Dimension of the  Data Set

We now concentrate on demographic dimensions of the data set.  The HES
contains detailed information about the household unit and the persons that
comprise it.  For each household 139 separate descriptive items are recorded,
with an additional 50 for each person in the household.   Our task is to extract
from this mass of information enough detail to obtain a household profile that may
be useful for a consumption demand study.   The chosen demographic data items
are listed in Table 8 below.

Item 1 of Table 8 refers to the 15 household types from Table 3.  Note that
there are possible truncation errors involved in items 2—13 in Table 8, because in
the HES codes for these items, the code 4 represents 4 or more persons.  The
total number of demographic variables described in Table 8 is 44.  It is not likely
that the data would allow estimation of the separate effects of so many
demographic variables.  So we use the method of Principal Components to capture
the variability of the data in an empirically tractable fashion.

This method identifies and ranks the linear combinations of the 44 demo-
graphic variables that most capture the generalized variance of the data.   The top
ranked principal  component accounts for 98 per cent of the generalized variance
and we adopt it here as our single composite demographic variable.  The demo-
graphic variable from Table 8 that is closest to this adopted demographic variable
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(in the sense of having the highest pair-wise correlation with it; r = 0.99) is item
17: hours worked by adults per number of adults. 4  In Section 3 we will seek to
identify if demand patterns across income are affected by our chosen composite
demographic variable.

Table 8

 Demographic Variables For Demographic Data Set

Item Demographic Variable No.  Variables

  1 household type 15

  2 no. of persons < 2 1

  3 no. of persons 2—4 1

  4 no. of persons 5—12 1

  5 no. of persons 13—14 1

  6 no. of full-time students 15—24 1

  7 no. of other persons 15—24 1

  8 no. of persons 25—44 1

  9 no. of persons 45—54 1

10 no. of persons 55—59 1

11 no. of persons 60—64 1

12 no. of persons 65—75 1

13 no. of persons >75 1

14 quarter of enumeration 4

15 femininity (fraction of adults5 that
are female)

1

16 country of birth of head 8

17 hours worked by adults/ no.  adults 1

18 area of dwelling (city, urban, rural) 3

3 The Results

We use the statistical package S-Plus to fit non-parametric regressions of
budget shares for each commodity i (i = 1, 2, ..., 18) against total household
expenditure.   S-Plus is a data analysis package with rich graphical capabilities and
extensive statistical tools.  It allows for an almost totally data driven approach to
the establishment of the regression relationship.

4 Clearly,  the first principal component of the demographic date set is strongly linked to
labour market participation of the household.  In a demand-systems approach to the
analysis of this data set this would imply indirect linkages via the budget constraint.

5 For the purposes of this study an adult is a person 16 years or older.
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 Our budget share data are:

{(wih, yh )}  , (i=1,2, ...,18 and h=1,2, ...,7195)

where yh is the total expenditure of household h and wih is its budget share of
commodity i.

A scatter plot of this data is given in Figure 3.1 (which starts on page 17)6.
Note that our scatter diagrams include the observations on imputed expenditures
by households recording zero expenditures.  As the set of 7195 data points per
commodity is beyond our printing capacity, the data for each commodity is
divided into two sub-samples.  This is done by ranking the households according
to level of total expenditure and then distributing alternative observations between
them.  We show scatter plots for both sub-samples in the case of commodities 1–
4; in the interests of brevity, for other commodities we show only the first sub-
sample.

On inspection of Figure 3.1 it is clear that these scatter plots are insufficient
to establish an interpretable regression relationship.  Attention is distracted by
extreme points while the intensity of the very dense patches within the mass of
the data is not discernible.  A preselected parametric model might be too
restricted in formulation or dimension to fit unexpected features in the data.
Moreover, given the noisiness of the data, many functional forms seem likely to be
capable of fitting the data more or less equally well (or badly).  On the other hand,
S-Plus has several smoothing non-parametric techniques in which the functional
form of the regression curve is flexible and data-determined.

The Engel relationships can be modelled by writing budget shares as a
function of household income:

(3.1) Wih  = fi(Yh) + εih (i = 1, 2, ..., 18 and h = 1, 2, ..., 7195)

where upper case is used to distinguish random variables in the underlying
(population) relationship from sample realizations, where the functional form of
the regressions fi is left unspecified, and where the εih are zero-mean random
errors assumed to be independent of the Yh.

The smoothing algorithm used here is Supersmoother described in Chapter
17 of the S-Plus for Windows User's Manual Vol. 2.  For each commodity i
Supersmoother seeks to provide a good estimate of the conditional mean

(3.2) fi(yh)  =  E(WihYh =  yh)

where (Wi,Y) are assumed to be jointly distributed random variables.  Super -
smoother allows for a locally adaptive amount of smoothing that adjusts appro-
priately to changing curvature of fi and changing variability of the ε i.  Less
smoothing is employed for regions of greater curvature of fi or of smaller variance
of εi and more smoothing is employed for regions of smaller curvature of f i or
greater variance of εi.  Underlying Supersmoother is a symmetric k-nearest
neighbour linear least squares fitting procedure. The value of k is optimally chosen
for each  yh using a cross-validation technique described in the Manual.

6 Note:  In Figures 3.1, 3.2, 3.4 and 3.6, the units on the horizontal axis are current dollars
per household  per week.
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3.1 Non-parametric Engel Responses over the Whole Data Set

Figure 3.2 (which starts on page 21) contains the smoothed regression
curves obtained using Supersmoother applied to the data described above.  Note
that, for the reasons discussed in Section 2.1, these regressions are based only on
households recording non-zero expenditure for the commodity in question.  The
available sample size consequently varies by commodity and is indicated in the last
column of Table 7.  For commodities 1—4, plots of the fitted regressions are given
for each of two sub-samples.  Note that only one regression is fitted for each
commodity; the results are split (along the lines described above) purely for
display purposes.   Not surprisingly, there is hardly any discernible difference
between the sub-samples.

For commodities 5 through 18, on pages 22–23 we show the fitted non-
parametric regressions either for the whole sample (when the number of
households reporting non-zero expenditure on the commodity in question does
not exceed 4000), or for a half sample (when this number exceeds 4000).  The
number of data points displayed in each fitted curve is shown ("D = ...") in Figure
3.2.

Demand systems with constant marginal budget shares yield monotonic
curves in the budget share ×  total expenditure space.  The Linear Expenditure
System provides an example which is illustrated in Figure 3.3.  Virtually all
commonly used demand systems, whether based on additive preferences or not,
yield monotone plots in this space.

0.0000

0.1000

0.2000

0.3000

0.4000

0.5000

0.6000

0.7000

1.5000 2.0000 2.5000 3.0000

Figure 3.3: Engel responses of budget shares in a Linear
Expenditure System with three commodities.

As Supersmoother is used on share data for individual commodities, the
system requirement that the budget shares sum across commodities to unity does
not apply to the fitted regressions.  The actual sum of the smoothed budget shares
across households is given in Figure 3.4.  Note that since the relevant sample for
the estimation of this sum is the intersection of the single-commodity samples
(which are restricted just to households actually purchasing the commodity in
question during the survey week), these estimates of the sum of budget shares are
necessarily based on a restricted sample size, namely, 609 households.

If the smoothed budget shares depicted in Figure 3.2 were normalized by
dividing each estimated conditional mean Wi through by the corresponding
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conditional sum over commodities of all budget shares, thus imposing a minimal
theoretical restriction on an otherwise data driven analysis,  the qualitative picture
emerging would remain substantially the same.

Figure 3.4:   Sum across commodities of fitted budget shares in Figure 3.2

While visual inspection of Figure 3.2 reveals that some of the fitted non-
parametric regression curves could well be consistent with constant marginal
budget shares (for example, the food commodities 2, 3, 7 and 8) 7 — others,
notably items 6, 10, 13 and 18 (Other food and non-alcoholic drinks, Housing
expenditure (current), Private transport and Privately purchased health), almost
certainly could not.  Non-monotonic behaviour seems to be strongly suggested by
the data.

There is at least a prima facie case, however, that some or all of these curves
could be accommodated by effectively globally regular systems of sufficient
parameter dimensionality.  The plots shown for AIDADS in Figure 3.5 are
suggestive.  The AIDADS system has Lewbel rank 3 and permits the Engel
flexibility which he observed was necessary to accommodate U.S. and U.K. survey
data.  The commonly used consumer demand systems (e.g., CES, LES, AIDS) have
Lewbel rank 2 and do not possess such flexibility.

                         

Possible Engel Curves in
AIDADS for  necessities

0.4 

0.3 

0.2 

0.1 

0

Figure 2.1(d) 

Budget Share

Wi

These Engel Curves for the AIDADS system were generated 
 by simulations using the framework shown in Figure 3.1.

Log Real Total Expenditure  (ln M)ln p′ γ

  

Figure 3.5(a): Possible shape of Engel response of budget shares
in an effectively globally regular demand system
(AIDADS) [after Rimmer and Powell (1992a)]  

... Figure 3.5 continues on next page

7 In the case of the LES, a zero marginal budget share yields a rectangular hyperbola in the
budget share × total expenditure space.
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Possible Engel Curve
in AIDADS for a luxury

1 

0.8 

0.6 

0.4 

0.2 

0 

Budget Share
       W  i

Another Possible Engel Curve
    in AIDADS for a necessity

0.3 

0.2 

0.1 

0 

Budget Share
       W  i

Figure 2.1(f) This Engel Curve for the AIDADS system was generated 
 by simulations using the framework shown in Figure 3.1.

Figure 2.1(e) These Engel Curves for the AIDADS system were generated 
 by simulations using the framework shown in Figure 3.1.

Log Real Total Expenditure  (ln M)

Log Real Total Expenditure  (ln M)

ln p′ γ

0.4

0.6

0.5

ln p′ γ

Figure 3.5(c)     Possible shape of Engel response of budget shares in an 
effectively globally regular demand system (AIDADS) [after 
Rimmer and Powell (1992a)]

Figure 3.5(b)     Possible shape of Engel response of budget shares in an 
effectively globally regular demand system (AIDADS) [after 
Rimmer and Powell (1992a)]

3.2  Non-parametric Engel Responses over the Demographically Partitioned Data Set

We now investigate the empirical question as to whether Engel responses
are affected by demographics.  This is done visually in Figure 3.6 (pp. 24–32)
where the non-parametric regressions are reestimated for each of the three
demographic groups explained below.
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The 7195 households remaining in the study were ranked according to the
value of the estimated first principal component of the demographic data set
described above.  The ranked data was then split into a lower, a middle and an
upper 331

3 percentile group:  these are the LOW, MEDIUM and HIGH groups for
which separate regressions are reported in Figure 3.6 (pages 24–32).  Note that
these regressions (as before) are based only on households recording positive
expenditure during the survey week on the commodity in question.  Consequently
sample sizes (noted on the diagrams — "N = ...") vary between commodities.  Also
note that expenditures have been re-scaled downwards as described in Section
2.1.

The correlation between total expenditure and our adopted demographic
variable is quite low (0.12).  Consequently, the income spreads and densities are
approximately the same for each of the three demographic groups.

At face value the variations in Engel responses with changing demography
are of small through moderate magnitudes.  Moreover, it is not clear whether the
first principal component of the demographic data set necessarily would reveal
more variation (in this sense) than lower-order components.  It is possible that
discriminant analysis  (see, e.g., Dhrymes, 1970) would yield a more fruitful
approach to estimation of the demographic effects.  Suppose (for the sake of
illustration) that (as in Figure 3.6) we attempt to identify just three
demographically defined subpopulations with varying Engel response patterns.

Let  xh  (h = 1, 2, ..., 7195) represent the vector of demographic attributes
of the hth household, and let X1, X 2 and X3 be acceptance sets for sub -
populations 1, 2 and 3.  These sets are defined such that if  xh ∈ Xj , then the hth

household is allocated to subpopulation j (j= 1, 2, 3).  We want to partition the
population into sub-populations which display the greatest possible diversity of
Engel responses.   The Xj  induce a partition of the sample into just three sub-
samples.

Our non-parametric regressions yield estimates of  E(WihYh =  yh)  (for

brevity hereafter written as  E(Wiyh) ).  These estimates as denoted by a 'hat', ^.

Thus Ê(Wiyh)  is the estimated conditional mean budget share of commodity i

when total expenditure is equal to the value recorded for the h th household.   In

Figure 3.2 these conditional means are estimated across all 7195 households.

Instead of estimating across all households (as in Figure 3.2) we can (as in

Figure 3.6) estimate separately across households within different subsamples.   By

 (3.3)  Ê
xh ∈ Xj

(Wiyh)

denote the conditional mean of the budget share for commodity i estimated from

all households h that are allocated to sub-population j.  Let   Ê(Wiyh)   (as above) be

the conditional mean across the whole, unpartitioned, sample.  The spirit of the

discriminant analysis approach would have us search for acceptance sets X1, X 2

and X3 that maximize diversity; i.e., that maximize:
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(3.4)  ϕ   =  Σ
i=1

18

 S i  Σ
j=1

3

 Σ
yh: xh ∈ Xj

 {Êxh ∈ Xj
(Wiyh) – Ê(Wiyh) }

2

where the Si  are weights reflecting importance placed on different commodities.

A common practical approach in discriminant analysis is to define the
acceptance sets by intervals on the real line — in our case (say)  (-∞ , L1), [L1, L2) ,
[L2, ∞)  —  in conjunction with a linear aggregator, L, of the demographic data.
Thus L maps the demographic data into the real line.  The problem of identifying
and estimating demographic influences on Engel responses then is solved formally
by maximizing ϕ in (3.4) with respect to the vector L and the points L1 and L2

defining the boundaries of the sets X1, X2 and X3.  We have not so far explored
the solution to this problem.8

4. Concluding Remarks and Research Perspective

The non-parametric evidence in Figure 3.2 strongly suggests that currently
widely used consumer demand systems have Engel specifications which lack
sufficient flexibility to capture the stylized facts.  In particular, the plot of budget
shares against total expenditure may not be monotonic; nor in theory is there any
need for it to be so (see Figures (3.5(a)).  These results are consistent with the
findings of Lewbel (1991).  Newer effectively globally regular systems of sufficient
dimensionality promise a better treatment.

Our exploratory demographic results in Figure 3.6 are based on extracting
the first principal component of the demographic data set.  They suggest that
demographic effects may be important in some cases; however, the evidence is
less clear, and must await further work in which measures of precision are
computed for the fitted non-parametric regressions.  They also suggest that some
previously documented demographic responses may be compromised by the
inadequate Engel specification used in their estimation.

An alternative (hopefully more powerful) discriminant-analytic approach to
the demographic dimension of Engel responses has been sketched in the last
section.  We plan to investigate this further.

We have reported results from just one of the algorithms available in S-Plus
for non-parametric regression.  Some testing of sensitivity to the choice of
algorithm is planned for the future.  We also plan to investigate more formally the
concordance between the fitted non-parametric regressions and effectively
globally regular systems (such as AIDADS).

8 The discriminant-analytic approach, like the rest of this paper, emphasises the maxim:
"let the data speak!".  It is possible (even likely) that although the information content of
the data is sufficient to extract Engel curves, it may not suffice for discrimination into
demographically defined sub-populations with different consumption behaviour.

Some elements of parametric procedures from the demand systems approach (such as
translation and/or scaling) may need to be invoked.  Semi-parametric representations of
E(W

i
y

h
) may be useful in the solution of (3.4).
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Figure 3.1:  Scatter Plots of Budget Shares against Total Expenditure —  HES data, 1988-89

commodity 1

subsample I

    

subsample II

commodity 2

subsample I

  

subsample II

commodity 3
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commodity 4
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Figure 3.1:  Scatter Plots (continued)

commodity 5 commodity 6

commodity 7 commodity 8

commodity 9 commodity 10

commodity 11 commodity 12
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Figure 3.1:  Scatter Plots (continued)

commodity 13 commodity 14

commodity 15 commodity 16

commodity 17 commodity 18
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Figure 3.2: Non-Parametric Regressions of Budget Shares on Total Expenditure
commodity 1

Non-parametric regression of Bread, cereals and 
grain products on total expenditure (subsample I)

D = 3558

    

Non-parametric regression of Bread, cereals and 
grain products on total expenditure (subsample II)

D = 3557

commodity 2
Non-parametric regression of Meat & 
fish on total expenditure (subsample I)

D = 3419

Non-parametric regression of Meat & 
fish on total expenditure (subsample II)

D = 3419

commodity 3
Non-parametric regression of Dairy, eggs & oil 
products  on total expenditure (subsample I)

D = 3550

  

Non-parametric regression of Dairy, eggs & oil 
products  on total expenditure (subsample II)

D = 3549

commodity 4

D = 3344

Non-parametric regression of Sugar, preserves & 
confectionery  on total expenditure (subsample I)

 

Non-parametric regression of Sugar, preserves & confectionery  
on total expenditure (subsample II)

D = 3343
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Figure 3.1:  Scatter Plots (continued)

Non-parametric regression of Fruit & 
vegetables  on total expenditure (subsample I)

commodity 5

D = 3484

Non-parametric regression of Other food & non-alcoholic drinks on 
total expenditure (subsample I)

commodity 6

D = 3569

Non-parametric regression of Alcohol on total 
expenditures (subsample I)

commodity 7

D = 2357

Non-parametric regression of Cigarettes & tobacco on 
total expenditure (full sample)

commodity 8

D = 2905

Non-parametric regression of Clothing & footwear on total 
expenditure (subsample I)

commodity 9

D =2606

Non-parametric regression of Housing expenditure (consumption)
 on total expenditure (subsample I)

commodity 10

D = 3598

Non-parametric regression of Fuel (not including motor 
vehicle) on total expenditure (subsample I)

commodity 11

D = 3531

Non-parametric regression of Furniture & other household 
durables on total expenditure (subsample I)

commodity 12

D = 3414
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Figure 3.2: Non-parametric regressions  (continued)

commodity 13

Non-parametric regression of Private transport on total 
expenditure (subsample I)

D = 3307

Non-parametric regression of Public transport 
on total expenditure (full sample)

commodity 14

D = 3033

Non-parametric regression of Leisure goods and 
services on total expenditure (subsample I)

commodity 15

D = 3119

Non-parametric regression of Other goods 
on total expenditure (subsample I)

commodity 16

D = 3550

Non-parametric regression of Other services on total 
expenditure (subsample I)

commodity 17

D = 3549

Non-parametric regression of Privately purchased 
health on total expenditure (subsample I)

commodity 18

D = 3284
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 Figure 3.6:  Budget Share Regressions for Three Demographic Groups

Non-parametric regressions of Bread, cereals 
and grain products on total expenditure

Commodity 1
LOW

N = 2372

MEDIUM

N = 2373

HIGH

N = 2370

Commodity 2
Non-parametric regressions of Meat & fish on 

total expenditure

LOW

N = 2275

MEDIUM

N = 2283

HIGH

N = 2280
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Figure 3.6:  Budget Share Regressions by Three Demographic Groups (continued)

Commodity 3
Non-parametric regressions of Dairy, eggs & 

oil products  on total expenditure
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N = 2371

MEDIUM

N = 2358

HIGH
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Commodity 4
Non-parametric regressions of Sugar, preserves 

& confectionery  on total expenditure 
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N = 2226

HIGH

N = 2225
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Figure 3.6:  Budget Share Regressions by Three Demographic Groups (continued)

Commodity 5
Non-parametric regressions of Fruit & 

vegetables  on total expenditure LOW

N = 2324

MEDIUM

N = 2315

  

HIGH

N = 2329

Commodity 6
Non-parametric regressions of Other food &

 non-alcoholic drinks on total expenditure
LOW

N = 2378

MEDIUM

N = 2382

   

HIGH

N = 2377
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Figure 3.6:  Budget Share Regressions by Three Demographic Groups (continued)

Commodity 7
Non-parametric regressions of Alcohol

 on  total expenditure 
LOW

N =1598

MEDIUM

N = 1585

HIGH

N = 1530

Commodity 8
Non-parametric regressions of Cigarettes & 

tobacco on total expenditure 

LOW

N =960

MEDIUM

N =985

HIGH

N = 960
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Figure 3.6:  Budget Share Regressions by Three Demographic Groups (continued)

Commodity 9
Non-parametric regressions of Clothing &

 footwear on total expenditure 
LOW

N = 1747

MEDIUM

N =1737

HIGH

N = 1728

Commodity 10
Non-parametric regressions of Housing 

expenditure (consumption) 
on total expenditure

LOW

N = 2396

MEDIUM

N = 2397

HIGH

N = 2395
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Figure 3.6:  Budget Share Regressions by Three Demographic Groups (continued)

Commodity 11
Non-parametric regression of Fuel (not including 
motor vehicle) on total expenditure 
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N = 2357

    

Commodity 12
Non-parametric regressions of Furniture & 

other household durables on total expenditure 

 

LOW

N = 2286

 

MEDIUM

N = 2253
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Figure 3.6:  Budget Share Regressions by Three Demographic Groups (continued)

Commodity 13
Non-parametric regressions of Private 

transport  on total expenditure 

LOW

N = 2347

MEDIUM

N = 2372
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Commodity 14
Non-parametric regressions of Public transport 

(surface) on total expenditure

LOW N = 970
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N =1022

HIGH

N = 1041
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Figure 3.6:  Budget Share Regressions by Three Demographic Groups (continued)

Commodity 15
Non-parametric regressions of Leisure goods 

and services on total expenditure
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N = 2179

MEDIUM

N = 2233
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N = 1836

Commodity 16
Non-parametric regressions of Other goods 

on total expenditure
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N = 2377
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Figure 3.6:  Budget Share Regressions by Three Demographic Groups (continued)

Commodity 17
Non-parametric regressions of Other services 

on total expenditure

LOW

N = 2366

MEDIUM

N = 2364

HIGH

N = 2367

Commodity 18
Non-parametric regressionss of 

Privately purchased health on total 
expenditure 

LOW

N = 2183

MEDIUM
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HIGH

N = 2191



Engel Flexibility in Household Budget Studies 33

References

Barten, A.P. (1964)  "Family Composition, Prices and Expenditure Patterns".  In P.E. Hart, G. Mills and
J.K. Whitaker (eds), Econometric Analysis for National Economic Planning, 16th
Symposium of the Colston Society (London:  Butterworths).

Barten, A.P. (1968)  "Estimating Demand Equations", Econometrica, Vol. 36, No. 2  (April), pp.  213-
251.

Chatterjee, S. and R. Ray  (1992)  "Estimating Complete Demand Systems on Household Budget Data:
Evidence for Australia and New Zealand", University of Western Australia,
Department of Economics, Discussion Paper No. 92.12 (July).

Cooper R.J. and K.R. McLaren (1991)  "An Empirically Oriented Demand System with Improved
Regularity Properties", Monash University, Department of Econometrics Working
Paper No  8/91.

Cooper, R.J. and K.R. McLaren (1992a)  "An Empirically Oriented Demand System with Improved
Regularity Properties", Canadian Journal of Economics, Vol.25, pp. 652-67.

Cooper, R.J. and K.R. McLaren (1992b)  "A System of Demand Equations Satisfying Effectively Global
Regularity Conditions", Monash University, Department of Econometrics Working
Paper No. 11/92 (September).

Cooper, R.J., K.R. McLaren and Priya Parameswaran (1994)  "A System of Demand Equations
Satisfying Effectively Global Curvature Conditions", Economic Record Vol. 70, No.
208, pp. 26-35 (March).

Deaton, A. and J. Muellbauer (1980) "An Almost Ideal Demand System."  American Economic Review,
Vol. 70,  pp. 312-326.

Dhrymes,  Phoebus J. (1970)Econometrics (New York: Harper and Row), pp. 65-71.
Lee, Lung-Fei and Mark M. Pitt (1986)  "Microeconometric Demand Systems with Binding

Nonnegativity Constraints:  The Dual Approach", Econometrica, Vol. 54, No. 5, pp.
1237-1242 (September).

Lewbel, A. (1991)  "The Rank of Demand Systems: Theory and Nonparametric Estimation",
Econometrica, Vol. 59, No. 3 (May), pp. 711-730.

Muellbauer, J. (1977)  “Testing the Barten Model of Household Compositional Effects and the Cost of
Children”, Economic Journal,  Vol. 87, pp. 460-487.

Pollak, R.A. and T. J. Wales (1981) “Demographic Variables in Demand Analysis”, Econometrica, Vol.
49, No. 6, pp.1533-1551.

Pollak, R.A. and T. J. Wales (1992)  Demand Systems Specification and Estimation (Oxford University
Press).

Pudney, Stephen (1989)  "Zero Expenditures and Corner Solutions", Ch. 4 in his Modelling Individual
Choice —The Econometrics of Corners, Kinks and Holes, pp. 138-186, (Oxford: Basil
Blackwell).

Ray, R. (1980) “Analysis of a Time Series of Household Expenditure Surveys for India.”, Review of
Economics and Statistics, Vol. 62, No. 4, pp. 595-602.

Rimmer, Maureen T. and Alan A. Powell (1992a)  "An Implicitly Directly Additive Demand System:
Estimates  for  Australia", Impact Project Preliminary Working Paper No. OP-73,
Monash University, Clayton, Vic., Australia, October.

Rimmer, Maureen T. and Alan A. Powell (1992b)  "Demand Patterns across the Development
Spectrum, Impact Project Preliminary Working Paper No. OP-75, Monash University,
Clayton, Vic., Australia, October.

Rimmer, Maureen T. and Alan A. Powell (1993)  "The Inclusion of Demographics in Household
Demand Systems",  Monash University,  Impact Project, unpublished research
memorandum.

Stone, Richard (1954)  "Linear Expenditure Systems and Demand Analysis:  An Application to the
Pattern of British Demand", Economic Journal 64 (255):  511-527 (September).

Theil, Henri (1965)  "The Information Approach to Demand Analysis",  Econometrica, Vol. 33, No. 1
(January), pp. 67-87.

Theil, Henri (1967) Economics and Information Theory (Amsterdam:  North-Holland and Chicago:
Rand-McNally).

Theil, Henri and K.W. Clements (1987) Applied Demand Analysis (Cambridge, Massachusetts:
Ballinger).

Wales, T.J. and A.D. Woodland (1983) "Estimation of Consumer Demand Systems with Binding Non-
Negativity Constraints"  Journal of Econometrics, Vol. 21, pp. 263-285,  (North-
Holland).

Working, H. (1943)  "Statistical Laws of Family Expenditure", Journal of the American Statistical
Association Vol. 38, pp. 43-56.


