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Resumo

O objetivo do artigo € investigar a importancia do efeito vizinhanga na determinacdo do consumo das familias
do municipio de Sao Paulo. Para tal, utiliza-se a base georreferenciada da Pesquisa de Or¢amentos Familiares
realizada pela Fipe entre os anos de 2008 e 2013. O acesso as informagdes desagregadas dos gastos com consumo
das familias me permite estimar a presenga do efeito vizinhanca tanto no consumo agregado como na composi¢ao
dos gastos das familias. O principal desafio da pesquisa € a identificagdo econométrica desse efeito que precisa
ser separado dos efeitos contextuais e correlacionados potencialmente atrelados. Para atender aos problemas de
endogeneidade, serd estimado um modelo espacial autorregressivo. Tem-se como vantagem a definicdo mais
precisa dos grupos de vizinhanca de acordo com a proximidade geogréfica. Para estimar o efeito vizinhanga na
composi¢do dos gastos das familias propde-se o desenvolvimento de um modelo que incorpore o efeito vizinhanga
no Sistema Quase Ideal de Demanda proposto por|Deaton and Muellbauer| (1980). Os resultados serdo relevantes
para a avaliacdo correta dos impactos diretos e indiretos de politicas tributdrias e de transferéncia de renda, por
exemplo.
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Abstract

Using disaggregated consumption data of households surveyed between 2008 and 2013 from the city of Sdo
Paulo, Brazil, this research will investigate neighborhood effects in the composition of household expenditure.
To address endogeneity problems typical of peer effect studies due to the concomitant presence of contextual
and correlated effects, we use an adapted spatial autoregressive model. Data about the exact address of all
families helps to more precisely define household’s peer group based on geographical proximity. To estimate
the neighborhood effect in the composition of household expenditure, we develop a model that incorporates the
neighborhood effect in the Almost Ideal Demand System proposed by |Deaton and Muellbauer|(1980). This study
is unique for the Brazilian case and the results will contribute to the understanding of consumption network effects
in less developed countries and will be relevant to the correct evaluation of consumption intervention programs
or of other policies that can have indirect spillover effects.
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1 Introduction

Household consumption is traditionally modeled without considering the influence of peers (neighbors). Clas-
sic models of consumer demand such as those proposed by |Deaton and Muellbauer| (1980) and Banks et al.|(1997)
do not consider that when making the consumption decision the individual is influenced by the consumption be-
havior of his peer. However, the existence of this neighborhood effect is mentioned since [Veblen| (1899), which
emphasizes the utility gain when one observes their consumption higher than of their peers. According to|Duesen-
berry et al.| (1949), the strength of any family’s desire to increase their consumption expenditure is a function of a
weighted average consumption of those with whom they have had contact.

The paper’s objective is to identify the neighborhood effect on aggregate consumption and household expen-
diture composition using disaggregated and geo referenced consumption data from households in the city of Sdo
Paulo. The aim is to identify if variations in the aggregate consumption of the neighbors affect the aggregate
consumption of the family and if in addition, changes in the composition of the expenses of the neighbors lead to
the family to change the own composition also. As far as our knowledge goes, this is an unprecedented study for
Brazil and after [Verhelst and Van den Poel| (2014) it will be the first study that seeks to estimate the neighborhood
effect through a spatial model within a model of demand system.

One of the great challenges of studying the neighborhood effect is isolating it. The observation of a similar
behavior (in the case related to consumption) between a family and its neighbors is not sufficient for the identifica-
tion of the neighborhood effect. The reason is the potential presence of three effects first listed by [Manski| (1993):
1) endogenous effect; 2) exogenous or contextual effect; and 3) correlation effect. The first effect arises when the
family acts according to the behavior of the group/neighborhood. The second effect represents the influence of
the exogenous characteristics of the neighbors on the behavior of the family. Finally, the latter effect arises when
common factors among individuals belonging to the same group cause them to behave in the same way.

As we do not have data on income shocks of Roychowdhury| (2019) families or exogenous income variations
such as those generated by some transfer programs (Boneval (2014), |Angelucci et al.[(2017)), to separate the three
effects, we adopt the spatial autoregressive model strategy proposed by Bramoullé et al.| (2009) to disaggregated
consumption data of households surveyed between 2008 and 2013 from the city of Sao Paulo, Brazil. we have
access to geographically referenced location of the households, which allows a more accurate definition of neigh-
borhood groups.

Studying the neighborhood effect on consumption is relevant for at least two reasons |De Giorgi et al.| (2016),
considered crucial in the context of underdeveloped countries Roychowdhury| (2019). The first concerns the distor-
tions in social welfare observed in the isolated decision context. If the neighborhood effect is relevant, in a behavior
known in the literature as keeping up with the Joneses, a family may be sparing sub optimal or even borrowing ex-
cessively in order to keep pace with an increase consumption of the neighbor. An intratemporal distortion can also
occur due to the mechanism known as the conspicuous consumption case [Veblen| (1899). In this case, in pursuit of
social status, the consumption of more conspicuous goods, usually luxury goods, have an excessive weight on the
family budget.

The second reason is related to the planning and evaluation of policies involving consumption, such as income
transfer programs and tax policies. If the existence and magnitude of the neighborhood effect is not considered, the
social effect of the policy would be imprecise, since, in addition to the direct effects, the indirect effects of overflow
may not be negligible. Thus, depending on the character and degree of connection between social groups, policies
directed at certain groups may have impacts not foreseen to the others.

Besides the estimation of more realistic models of demand, understanding specifically the neighborhood effect
in the composition of expenditures is relevant to differentiate the income effect from the neighborhood effect. The
income effect stems from risk-sharing behavior among neighbors. Investigating only the total level of consumption
expenditure of households or the specific expenditure on some isolated goods does not allow the differentiation
between these effects Boneval (2014)).



Investigating the neighborhood effect in the context of household consumption is relevant especially for its
policy implications. However, the complexity of its identification leaves room for contributions. We intend to
offer one by exploring the Brazilian case. Section 2 presents a brief literature review of demand estimation and
neighborhood effects. Section 3 describes the theoretical model behind the spatial demand system adopted. Section
4 presents the empirical specification with details of the identification and estimation and the description of the
data used. Section 5 brings some preliminary results. Finally, section 6 concludes with comments about the next
steps.

2 Literature Review

The challenge of estimating demand systems is to consider the theoretical aspects behind it. The proposed
functional forms must meet the properties that a system derived from a preference structure should have. Usually
the procedure is to choose a functional form that is an approximation of some indirect utility function or unknown
expenditure function and then derive the demand functions, imposing the necessary theoretical constraints.

Richard Stone (1954) first estimated a system of demand equations derived explicitly from consumer theory.
After him, there has been a continuing search for alternative specifications and functional form. The most important
ones in current use are the Rotterdam model (Henri Theil, 1965, 1976), the translog model (Christensen et al. 1975)
and the Almost Ideal Demand System first proposed by |Deaton and Muellbauer| (1980). The last one have the
following advantages: gives an arbitrary first-order approximation to any demand system; satisfies the axioms of
choice exactly; aggregates perfectly over consumers without invoking parallel linear Engel curves; has a functional
form which is consistent with known household-budget data; avoids the need for non-linear estimation; and can be
used to test the restrictions of homogeneity and symmetry through linear restrictions on fixed parameters.

Understanding how families spend their income among the various categories of consumer goods is relevant
due to implications on public policies related to urban transportation, health, education, sanitation, culture or
agriculture (Deaton| (1997)). Traditionally a greater importance is given to expenditures with the food category
given its relevance to lower income families. In this case, policies related to nutrition and food safety are the focus.

Studies on consumption and budgets of Brazilian families find that the pattern of spending is related to factors
such as income, price of goods, level of education and changes in lifestyle, demographic composition and family
structure (Carvalho and Alves|(2010)). Evidence reveals that the proportion of spending on food-related products
falls as household income increases, while the proportion of spending on leisure and education rises. There is also
evidence of spending on health and education being influenced by the age composition of families (Bertasso et al.
(2006)).

The influence of gender on household spending is also the subject of several studies. Results suggest that the
reallocation of resources between men and women interferes the family consumption patterns, especially concern-
ing the health care expenditures with children (Thomas and Chen| (1995)). For the Brazilian case, |[Pinheiro and
Fontoura| (2007) find that family structures have direct implications on household expenditures.

In recent years, many papers have focused on investigating the neighborhood effect in the context of consump-
tion in developed countries. In one of the first empirical studies, Grinblatt et al.| (2008) estimated the presence
of the neighborhood effect on consumption by cars in Finland. Kuhn et al.| (2011)) investigated consumption for
the same good based on lottery data from the Netherlands, while Moretti| (2011) found neighborhood effect in the
consumption of cinema in the USA. The few papers devoted to the study of effect in the context of underdeveloped
countries are those of|Angelucci and De Giorgi| (2009), Boneval(2014),|Angelucci et al.|(2017) andRoychowdhury
(2019). The first three used data from Progresa’s Mexican income transfer program, while the latter used data from
India.

As the only study estimating the effects of a change in neighbors’ income on the composition of household
consumption, Boneval (2014) finds evidence for a substantial presence of the neighborhood effect not explained
by income transfer behavior among households. |De Giorgi et al.|(2016)) and Roychowdhury| (2019)) stands out as



being one of the few papers to identify the neighborhood effect for aggregate household consumption. Based on
detailed network data from Denmark, |De Giorgi et al.|(2016) find that the elasticity of aggregate consumption of
an agent in relation to the aggregate consumption of its peers is 0.3. For India, Roychowdhury| (2019)) finds that
one standard deviation increase in average consumption expenditure of a household’s peers causes the household’s
own consumption expenditure to increase by 0.42 standard deviations. This is an effect greater than the effect of
an equivalent direct increase in family income.

The research done by [Verhelst and Van den Poel| (2014) is the closest to mine. They investigate both internal
and external deep habit formation in consumption by estimating a dynamic time—space simultaneous model for
consumption expenditure at different levels of product aggregation. The internal habit formation is captured by
persistence in consumption and the external is given by preference interdependence across households, captured
by a spatial lag. The authors find mixed evidence with respect to internal habit formation whereas the external
habit effect is positive and significant in estimations at all levels of product aggregation.

Our research differs in two aspects. First, while|Verhelst and Van den Poel|(2014) use scanner data from a large
retailer, my data source is a household survey. Therefore, my spatial unit is more dissagregated (household instead
of zip code area) and the information of expenditure share by product of each household is more accurate. Also,
we have data on demographic and socioeconomic characteristics of individuals that can be important influencing
factors of consumption behavior. The second aspect of difference is that due to data in smaller frequency, we work

with a cross-sectional spatial simultaneous model for consumption expenditure.

3 Spatial Demand System

To consider the influence of the neighbor’s consumption on one household’s consumption, I incorporate a
Spatial Autoregressive Model (SAR) model in the [Deaton and Muellbauer] (1980) classic Almost Ideal Demand
System model (AIDs). The AIDs model is developed from a cost function that belongs to the class of price
independent, generalized logarithmic (PIGLOG) expenditure functions:

loge(u, p) = (1 —u)logla(p)] + ulog[b(p)] (1)

where p is a vector of prices, u the utility index and a(p) is a translog price index given by:
1 .
log(a) = ao+ ) ailog(pi) + 5 ). ) ¥jlog(pi)log(p;) @)
i i j
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where i, j = 1, ..., K are the goods available for consumption.
Considering the neighbourhood effects, the cost function now specific to the household / will be:

logey(u, p) = (1 —u)log[an(p)] + ulog[bs(p)] “4)

where the a;,(p) is a translog price index now given by:

1
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where i, j = 1, ..., K are the goods available for consumption; i,/ = 1,...,N are the households; and wy,/ are the
spatial weight of each household / to household 4.
Replacing equations (5) and (6) in equation (4):
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To find the demand equations from the cost function we use the Shepard’s Lemma:
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where sp,; denotes the budget share of good 7 in the household /’s budget. Partially deviating (14) in terms of

log(p;) and after manipulations gives:
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With equation (8) we replace u in (9):
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This set of expenditure share equations requires nonlinear estimation techniques because of the price index

log[g,(p)]- |[Deaton and Muellbauer| (1980) suggest replacing that price index with the approximation:

log[ga(p)] ~ })_silog(p)) (14)

where §; is the average share of the product i. The result is a set of equations that can be fit by linear estimation

techniques:

n
sni = i+ Y Yijlog(p;)+pi Y wiisi + Bi (lOgyn - Zs‘jlog(pj)> (15)
Jj =1 J
For the demand system to be consistent with consumer theory, the following restrictions need to be satisfied:

1. Adding-up restrictions (the expenditure share of each good inside a certain product category must sum to

one):

M M M
Yoi=1,Y 17 =0v.Y Bi=0 (16)
i=1 i=1 i=1



2. Homogeneity restriction (if all prices and total expenditure are changed simultaneously at the same propor-

tion, the expenditure shares will not be affected):

Mz

Yij=0Vj (17)

3. Symmetry restriction (the effect of a price change in good i on the expenditure share of good j will be equal

to the effect of the same price change in good j on the expenditure share of good i):

Yij =i Vi, J (18)

4 Empirical Specification

4.1 Identification and estimation

Because the same spatial unit (household in our case) decides, simultaneously, about the budget shares for
each K product, the equations will be estimated as a system rather than equation-by-equation. To ensure that each
demand system at the different levels of product aggregation is a valid representation of consumer preferences,
cross-equation restrictions must be imposed. The following SUR-SARAR model (Kelejian and Pruchal (2004))

specification is considered.

s; = L, Ws; JrX,'ﬁ,‘ +uw;
u, =p;Wu,+¢ i=1,...,K
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where E[g;] = 0 and E[s,-s}] = o;;I, for i # j. With A; =T, — ;W and B; = I, — p;W, equation X will be:
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where s;, u; and g are (N x 1) vectors; X; is a matrix of exogenous variables of order (N x D); f; is a vector
of parameters of order (D x 1); A; and p; are two scalars; I, is the identity matrix of order (N x N) and W is the
weight matrix of the same order that captures the spatial interaction. We assume that the weighting matrix for the
spatial lag of the endogenous variable is the same as the one for the spatial lag of the errors.

Using the matrix notation:

As=XB+u en
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where D is the total of exogenous variables (the same for each of the k equations); A = Igxky — A ® W and
B =1Ign — Y ®W are (KN x KN) order matrices; A and W are (K x K) diagonal matrices with parameters A and
p, respectively, in the main diagonal; ® is the Kronecker product. The variance—covariance matrix of the error
component are given by Q¢ = X ® I, where X is a (K x K) matrix which elements are o;;, where i, j = 1,...K.
Consequently, the variance-covariance matrix of u is given by: , = B~1Q. (B’ )71 =B (Z®IN)(B )71.

The vector of parameters (f;, i = 1,...,K) and of spatial dependence (4;, p;, i = 1,...,K) are constant across
individuals. As in |[Lépez et al| (2014) following |[Kelejian and Pruchal (2004), we consider the hypotheses: the
elements on the main diagonal of the weighting matrix W are zero, the matrices A; and B; are non singular, and
the row and column sums of the matrices W, A;” L and B, Lare uniformly bounded in absolute value; the matrix
of exogenous variables, X, is of full column rank, and its elements are uniformly bounded in absolute value; the
error terms &, = [€,1,..., k] for each n are i.i.d. with normal distribution with zero mean and a non singular
variance—covariance matrix X.

The Ordinary Least Square (OLS) estimator in models with spatial dependence is inconsistent due to the
presence of the spatial lag. The estimation of equation (17) will be carried out using the Maximum Likelihood
(ML) approach. Based on a joint standard normal distribution for the error term v = Q;%u =Q, %B(Ay -Xp),

the log-likelihood function for the joint vector of observations s is given b

KN 1 1
LogL = —TLog(Zn) - ELog(|ﬂu\) + Log|B|+Log|A| — EV’V (22)

with
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The log-likelihood function can also be written as:

KN N & &
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The third and fourth elements of the right side of the equation (20) represents the Jacobian term that can
be decomposed in terms of the eigenvalues of the spatial weights matrix to reduce its dimension and facilitate
estimation: Log|ly — A,W| =Y ,;Log(1 — a).

Wang and Kockelman|(2007) and Baltagi and Bresson|(2011) use the following three-step numerical optimiza-

tion method to solve the maximum likelihood estimators:

1. B is estimated using a Generalized Least Squares Model (GLS), conditional on €2,, A and p. le., the
conditional likelihood L(B|A,p,€?,) is maximized.

2. Then 2, can be estimated conditional on 3, A and p. That is, the conditional likelihood L(€2,|A,p,f) is
maximized. This step together with the first are iterated until convergence (when the optimal €2, and 8 are

found conditional on A and p).

=

_1 _ |
"From v = Q, Zu = 2, 2B(As — XB) we have s = A"'B~1Q72 v+ A~!XB. Because v~ N(0,1), s will have the distribution s ~
N(O,AT'BIQ,[(ATBT1Y] )



3. The values of estimated €2, and 8 values are substituted and the concentrated log-likelihood function is
maximized over A and p. Le., the conditional likelihood L(A,p|B,€?,) is maximized. The estimated A and
p then re-enters the estimation of €2, and 3. Le., the conditional likelihood L(f,€2,|A,p) is maximized.

Both functions are iteratively maximized to find the complete MLE parameter.

Since the expenditure shares sums 1 in the equation system for each household, one of the share equations
must be dropped to avoid the singularity problem of the variance—covariance matrix and whichever one is elimi-
nated does not have any impact on the results (Goodwin, 2008). The three restrictions mentioned in the previous
subsection is imposed onto each system of equations. The parameters associated with the excluded equation can

be recovered by the restrictions of homogeneity and symmetry.

4.2 Data

The empirical estimation is based on information extracted from two surveys conducted by the Institute of
Economic Research Foundation (Fipe). The first one is a household budget survey (“Pesquisa de Orcamento
Familiar” - POF) that collects information on the expenditures structure of households from the municipality
of Sdo Paulo. This information is mainly used to compose the weighting structure behind the Consumer Price
Index (“Indice de Preco do Consumidor” - IPC) calculated by the same institution. The second source will be
a price survey conducted monthly by Fipe for the price component of the IPC Index. To better capture changes
in household consumption habits for the IPC accuracy, Fipe seeks to perform POF surveys on a continuous basis
(Chagas et al.|(2015)).

We had access to the complete micro-data of the POF-Fipe carried out between 2008 and 2013, including the
addresﬁ information of each unit of consumption. The unit of consumption considered by the POF survey is
represented by a group of people who share a budget or perform expenses collectively. The selection of these units
was based on random sampling from Sdo Paulo’s electricity consumers registry (Lima et al.| (2011))).

Figure [1| shows the spatial distribution of the households interviewed according to the city’s zone and year of
survey. The database is made up of 3,120 households. The East Zone of Sdo Paulo concentrates 36.2 % of the
observations and 31 % reside in the South Zone.

Demographic and socioeconomic variables such as family income, age, race and education of the residents can
be extracted from household registration and the residents’ profile questionnaires. Figure 3] shows the distribution
of household’s per capita income. Figure2]shows the education of the head of the household as well as the highest
education in the household. As expected, income and higher education are concentrated in the central and western
part of the city. When we analyze the highest level of education observed in the household, a dispersion pattern
emerges with an increase in levels of education, especially in regions farthest from the center.

The survey also provides information about housing characteristics. Figure @] ((a) and (b), respectively) shows
the spatial distribution by type of housing and occupancy condition. In the central area of the city a concentration
of apartment type housing (18.14 %) is observed. Regarding the occupation, 58 % of the families report to be
owners of the housing where they live in, while 23 % are living in rented housings.

The products from the price survey and from the household consumption are classified into the categories:
Housing, Food, Transportation, Personal Expenseﬂ Health, Clothing and Education. Table [1| present summary
statistics of the data including the budget weights of each great category and some socioeconomic characteristics
of the head of the household. On average, expenditure with goods from each one of the most important categories
(housing, food, transportation and personal expenses) represents respectively 31 %, 25 %, 11 % and 12 % of the
household budget.

For this version of the working paper, we will focus in the consumption of products from the food category,

2The complete address composed by street, number and zip code was converted into latitude and longitude coordinates through the Google
Maps APL
3Includes the subcategories Smoking and Drinks, Recreation and Culture and Hygiene and Beauty Supplies.



chosen based on their importance in the consumer budget and on the potential substitution pattern between them.
The products are listed in Table [2] In total they represent on average 24% of expenditure with food. Table [2| also
presents the mean participation of each good in the total expenditure with only the products selected. Only 1,1%
of the households from the original data didn’t register any expenses with the food category. Expenses with at
least one of the products from our selection occur in 92% of the households. Our final database counts with 2,871

households.

4.2.1 Price vector construction

Although the POF surveys collect price information, the variable is incomplete and problematic to work with
given that it was not homogenized by unit of measurement of the good. The price vector used for the demand
estimations were obtained from price collected for the IPC index. The price survey is applied monthly to different
markets throughout the city. Again, I have access to geo referenced data of all these price sources, which I take
advantage by applying the Geographically Weighted Regression (GWR) method to infer prices for each household
locations.

The GWR method seeks to identify spatial heterogeneity in relations between variables, ie, situations where
local coefficients deviate from the global value. The method is based on estimating a set of coefficients for each
point according to a weighted bandwidth that moves spatially along the database. The basic GWR model first
proposed by |Brunsdon et al.[(1996) is given by:

p+1

yi= Y, Bu(ui,vi)xi + & (26)
k=1

where y; is the dependent variable of local i, x;j is the value of the explanatory variable k in location i and
Bir(u;, v;) is the coefficient of the regression for the explanatory variable k in i. B (u;,v;) is a continuous function
of the coordinates (u;,v;). Thus, unlike a global regression, the coefficients vary from place to place.

For each location, an independent weighted regression is estimated. The contribution of each data point for the
estimation of y; is weighted according to the geographical proximity of its location to i. In the matrix form, the

estimated local coefficients are given by:

A —1
Bi(u;,vi) = [XT*Wi(uhv,-)*X] * XT 5 Wi(u,vi) *y 27

where i has dimension (p+1) x 1, Xux(p+1) 1s the matrix of exogenous variables, Wi, is the weight matrix
and y,« is the vector of dependent variables. The weight matrix is a diagonal matrix given by the weight of each
location 7 in the estimation for i spot. This matrix is computed by a kernel function.

Since our objective is price inference for products in the food category, we restricted the data to prices of food
obtained from supermarkets. We use year and sub-prefecture where the supermarkets are located as explanatory
variables for price. For the cases where no supermarkets were surveyed in sub-prefectures with households present,
the average inferred price of the city zone is used. Figure [5] presents the price inferred for Chicken, Tomato and
French Bread.

5 Preliminary results

Tables 3, 4 and 5 presents results for the traditional demand estimation not considering spatial effect. All 17
products chosen from the food category were considered. As demographic controls we used dummy for woman as
head of household, dummy for presence of child in the household and dummy for head of household belonging to
the black race. Table ] presents all the coefficients for each equation of the system equation.

Table [3] shows the results of the expenditure elasticity. The only product with elasticity lower than 1 is Egg.

All the other products with elasticity’s greater than 1 are usually classified as superior good. Among these goods,



Butter has the highest elasticity. A 10% increase in total expenditure with the basket considered causes a 50%
increase in the quantity demanded of Butter. The products source of protein (beef, pork, chicken, cheese) also
present higher expenditure elasticity. The table also shows the average elasticity for households grouped by sex of
the head or whether there are child members. The most notable differences occur in the elasticity of Egg, Powdered
Milk and Butter. For households with child, the elasticity for Butter is higher, whereas the elasticity for Powdered
Milk is lower.

Table 5| presents the Marshallian (non-compensated) price elasticity. The direct price elasticity’s are all neg-
ative except for Margarine. Butter, Rice, Cassava Flour, Tomato, Beef and Past are the most sensitive to their
price variations. Analyzing the cross-elasticity’s can give clues about the complementary or substitution relations
between products. For example, Pork and Chicken seems to be substitutes for Beef, whereas Rice and Beans have
a complementary relation.

Table [6] presents results of estimation of the demand system with spatial effect explained in section 4. Due to
computational limitations, we estimated for now a sub-sample of 4 product: Beef, Pork, Egg and Chicken. For
comparison, results of the traditional demand estimation for these sub-sample are also showed. This preliminary

exercise reveals that spatial lag effect seems to be significant for all the product equations.

6 Final Considerations

The objective of this working paper was to estimate the neighborhood effect importance in the composition of
household expenditure by estimating an expanded Almost Ideal Demand System proposed by Deaton and Muell-
bauer (1980) with spatial lag to capture neighborhood effects using geo referenced microdata for consumption
from Sdo Paulo’s household’s budget survey.

The preliminary results shows evidence of the potential importance of neighborhood effects. Still, for the

results to be conclusive, we plan to continue the research considering the following next steps:

e Consider different levels of product aggregation including other categories than food.

e Adapt existing command codes for the estimation of simultaneous equation systems with spatial autoregres-

sive model considering the demand system restrictions.

e Deal with the null expenditures using econometric procedures for censored data in a system of multiple

equations as proposed first by [Heien and Wesseils|(1990).

After surpassing the computational challenge of estimating a system with great potential complexity due to the
spatial relations, we believe that the results may contribute for a more precise evaluation of the indirect impacts of

policy’s.
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Figures and Tables

Figure 1: Households

CENTRO
LESTE
NORTE
OESTE
SUL

Figure 2: Education
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f. Médio ou 20. Grau Incompleto
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h. Superior Incompleto

i. Superior ou mais
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Table 1: Summary statistics

Variable Mean Std. Dev. Observations
Share Habitation 0.309 0.153 3120
Share Food 0.247 0.12 3120
Share Transportation 0.112 0.103 3120
Share Personal Expenses 0.121 0.083 3120
Share Health 0.081 0.105 3120
Share Clothing 0.058 0.077 3120
Share Education 0.031 0.074 3120
Share Others 0.04 0.091 3120
Per capita Income 1499.501  1849.355 3110
Head Age 52.737 15.899 3110
Dummy Head Woman 0.371 0.483 3110
Dummy Head Black 0.076 0.265 3120
Number of residents 3.04 1.561 3110
Dummy Child 0.334 0.472 3120
Table 2: List of Products
Share Observations
Product %in Total %in#0 | Total =0 %of0
Beef 0.157 0.287 2871 1299  0.452
Pork 0.020 0.079 2871 2141  0.746
Egg 0.330 0.472 2871 864  0.301
Fruits 0.103 0.189 2871 1310 0.456
Rice 0.054 0.119 2871 1562 0.544
Potato 0.010 0.027 2871 1821 0.634
Bean 0.035 0.079 2871 1600  0.557
Chicken 0.047 0.113 2871 1673  0.583
Milk 0.065 0.142 2871 1555 0.542
Pasta 0.015 0.036 2871 1658 0.577
Margarine 0.013 0.036 2871 1791 0.624
French Bread 0.081 0.154 2871 1362 0.474
Cheese 0.016 0.055 2871 2062 0.718
Tomato 0.010 0.028 2871 1863  0.649
Cassava Flour 0.003 0.020 2871 2404  0.837
Powdered Milk 0.037 0.278 2871 2487 0.866
Butter 0.003 0.041 2871 2695 0.939
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Figure 4: Housing

(b) Housing condition
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> Apart t — .
partamento o Invadida
Casal/Sobrado
Flat Outros
e Quarto -23.8- Propria em Aquisicao
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Figure 5: Example of Inferred Price

Chicken Tomato French Bread

Table 3: Expenditure elasticity

Good All Head Head With No
Woman Man child child

Beef 1.391 1.429 1.371 1.394 1.390
Pork 1.419 1.476 1.391 1.483 1.390
Egg 0.228 0.257 0.210 —0.004  0.309
Fruits 1.446 1.452 1.442 1.519 1.414
Rice 1.290 1.300 1.285 1.225 1.337
Potato 1.368 1.360 1.373 1.349 1.380
Bean 1.274 1.295 1.263 1.208 1.323
Chicken 1.447 1.427 1.460 1.409 1.470
Milk 1.428 1.442 1.421 1.409 1.439
Pasta 1.320 1.299 1.334 1.263 1.358
Margarine 1.281 1.279 1.282 1.211 1.332
French Bread 1.361 1.354 1.366 1.299 1.403
Cheese 1.444 1.460 1.435 1.506 1.416
Tomato 1.451 1.448 1.453 1.500 1.429

Cassava Flour 1.227 1.240 1.219  1.211 1.235
Powdered Milk ~ 1.278 1.274 1.280  1.067  2.220
Butter 1.501 1.386 1.598  2.067 1.383

16



9000°0 00€0°'0— 1000°0 SI00°0 81000 S900°0 SOIO'0  €000°0— 00000  CLOO'0O  €000°0— 2000°0— STO00°0— CLIO'O  +¥800°0— CI00°0— ST00°0—
2000°0  1900°0— 0000°0 ¢000°0  S000°0  LTOO'0  L£OO'O 10000 00000  +¥€00°0 10000 10000  9000°0— S800°0  6600°0— 8000°0— STOO'0—
¢000°0  €000°0 1000°0— T000°0  €000°0— <000°0— S000°0— <000°0— 10000  +000°0 10000 1000°0— €000°0 60000 +000°0 +000°0— ITO00—
€000°0— €100°0 1000°0— +000°0— <2000°0— L€00°0— 9200°0— 9000°0— 0000°0  8200'0— S000°0— C000'0— S000°0— SCO0'0— L6000 L0000 92000
¥000'0  6¥00°0— +100°0 ¢e00'0  IT00°0 8CO0O'0 L8000  T1000°0— 00000  S€00°0— <TCO0'0— 92¢00°0— €000 0L000 +¥I0°0— OI00°0— 8100°0
6700°0— 68CI°0 1000°0— L910°0— ¥600°0— 6080°0— 6L80°0— SEI00— 0000  18S0°'0— S8CO'0— €¥00°0— €L20°0— 6191°0— 611€°0 LLIOO LYEOO
#1000 1000°0— €000°0 8100°0  +¥000°'0  +¥100°0  0€00°'0  0000°0 0000°0  €100°0— €100°0— ¥100°0 ST00°0— 01000  S800°0— €000°0 L1000
¢c00'0  L9T0°0— 8I100°0 €€00'0  0€00'0  +0OI0°0  S6I0°0 0€00°0 T000°0— <C€00'0  €100°0— 8200'0— 0¥00'0 LITO'0 6SS0°0— 00000 9€00°0
[1T00°0  ¥600°0— ¥000°0 0€00'0  9¢00°0 10100 8ITO0 +¢00°'0 1000°0— LTIO'O 12000 10000 0€00°0 L9CO'0 SILO'0— SO00°0  S€00°0
82000  6080°0— ¥I00°0 $010°0  T0T10°0  0L60°0  TISO'0 6¥00°0 8000°0— LI900  1S20°0 +SO00 19200 SOYI'0 1TLEO— €S00°0— 9910°0
L800°0 6L80°0— 0€00°0 §610°0  8ITO'0 CISO'0 S880°0 8¥I0'0 SO000— +C€0'0 L6000 1200°0— 66100 8EIT'0 6SLC°0— 0900°0— 0100°0—
1000°0— S€10°0— 0000°0 0€00'0  ¥200'0 6¥00°0 8FIO0  SO00°0— 1000°0— +C00'0  TO00'0  +C00°0— L¥Y00'0 O¥CO'0  I¥¥0'0— O100°0— +S00°0
00000 ¥000°0  0000°0 1000°0— T1000°0— 8000°0— $000°0— T1000°0— 00000  LO0O0'0— <000'0— 00000 €000°0— ¥I00'0— CFOO'0 00000 T1000°0—
G6€00'0— I8S0°0— €I00°0— <000  LCIO'O  LISO'0  +C€0'0  +$200°0  LOOO'0— <COLO'0 08200 +900°0 LICO'0 [1€CI'0 L60E0— 9200°0— Ov10°0
¢C00'0— S8¢0°0— €I00°0— €I100°0— 12000 ISC0'0 L600°0 <0000 <O00'0— 08200  8€20'0 80000 LOIOO T6C00 TLOT'0O— TTOO'0— €£10°0
9200°0— €¥00'0— +100°0 82¢00°0— 10000 +S00°0  1200°0— ¥200°0— 0000°0  +¥900°0  8000°0 0S00°'0 00000 €€I10°'0 L610°0— [000°0— 81000
€200'0  €L20°0— SI00°0— O0¥00'0  0£00°0 19200 66100 L¥OO'0 €000°0— LITO0  LOTO'O 00000 L8000 €S€0°0 LLTI'O— 82000 9L100
0L00°0  6I91°0— 01000 L1200 L9200 SOvI'0  8CIT'0O 0¥C0'0 ¥I00°0— 1€CI'0  C6C00 €€I00 €S€0°0 889C'0 €099°0— 6SC0°0— T6£0°0
Pr10°0— 6I11€°0  S800°0— 6SS0°0— SILO0— ICLEO— 6SLTO0— I¥P0'0— CVO0'0  L60E€0— TLOT'0— L6I0°0— LLTI'0— €099°0— LL68'T ISI00 LI9OT0—
0100°0— LLTO'0O  €000°0 00000 S000°0  €S00°0— 0900°0— OI00°0— 0000°0  9200°0— <TTO0'0— T000°0— 82000 6SC0°0— ISTIO0 1¥00°0 LE0O0
8100°0 Lv€0O'0 L1000 9¢00'0  S€00°0 99100 O0I000— ¥S00°0 1000°0— OYIO'0  €€10°0 81000 9LIOO <T6£0°0 LI9T'0O— L£OO'O  0900°0
CLO00  €vPI'0— 6€00°0 80200  S€C0°0  68¥1'0 tOET'0  ¥PIO'0  CTIOO'0— LIEI'O  0LLO'0  8S00'0 €C€0'0  LE9TO  68Y9°0— 0ST0°'0— COI0'0—
LT200  98¢6'0— ¢vI00 €¥80°0  66S0°0  6CC9°0  6¥79°0  6€90°0  €800°0— ¢€¥SY'0  8LET'0O  9¥S0'0  9evI'0  I9ITT 680 T— Sevl'0— 0€0T0—
g IA'd Jno[f ) oOjewio], 9JSNY) pedaag e3IR]N eISed NI UDPIYD uedg 0je)od DIy  SInIg 3839 S04 JEETs |

PIND

9ZIS

Aoerg
UBWOA
onng
NN d dT
ofg D d7
orewo], dg
asooyD d1
peaxg d
‘Tedrejn d1
esed d1
NITAL AT
ujory) dy
ueog d
oelod d1
oory d
synrf dg
33gd1
yrod dg
Joog d
armpuadxyg
JuBISUOD)
poo)H

parewnsa suorenbo purwop Yy JO SJUSIOYJO0)) i 9[qe],

17



68ST— L9E°0 6L9°0 SAN0) €900  9IT0 798'0— CTLVY'0— TSTO 0S0'C— 0ve0— See1— LO8O  LT9O 80I'C 8YI'0  +91°0—  Jonng
9200  96¥'0— 9800 860°0— +LO0  6¥S0— 8€C0— STO0— 9800— €£€C0— I¥00  SI0O0— S6I°0 1C60— 860 98CT0  8LIO AN d
€750 696°0 18T 1— 1990 L90°0— 8¥C0— 0600 6£C0— S0T°0 90L0— 6£90— Pev'0  LIT'I— OSI'T— STI'T  TOO0— LIEO InOL™D
LEO0 LLEO—  0TCO LYTTI— €00  6¥1°0 w0 8¢0'0 9S00 $¥S$0— LOT'0— CIS0— 8I00— SOI'0 9000 T9CO0  LOOO— Orewo],
0100  OLT0 S10°0—  LT00 r6'0— L6T0— 0200— TI00— €800 8700 ¢81'0— STO0— Se€I'0— 0€00  8¥E0— €900  001°0 9833YD
#0000  9SCT0— 1100— 6100 660°0— L9L0— 1¥0°0— 6T00— ¢€¥0°0— <TSO'0— SO0  €€00  SPO'O— ILI'O  T0TO0— 0600— €C00— Pealqy
91'0— 6890— TTO0 §Te0 120°0— TPT0— S8€0 0€1'0  6£10—  ¥LEO 708°0— 8SF'0— S8IT'0— €800 0T00 9000  STO0—  'ESIEN
LLO0O— T90'0— ISO'0— 9200 6000— 6¥1'0— €I10 €00'T— 1900 9v1'0— ¢bv'0— €0v'0— SOI'0— I¥T0  9.50 6C1'0  6100— eised
0100 ¢c0’0—  S00°0 6000 0200  6S00— 1¢00— €100 0860— LLOO— 9900 8I00 8I00 T600— 69C0— €£00— 0I00 A
0I1°0— 161°0— 0S0°0—  €I1°0— 9100 L60°0— +01°0 0S0°'0— 80I'0— 0IL0— 9600 6100 0S00 €¥0'0— ILC0— OI00— 8I00  UIYD
¥20°0— €v0°0 090°0— 820°0— LLOO— 9900 L0E0— €61°0— ¢€€10 LETO 618°0— 1800 8LT0— L9T0— ¢€8€0 +01'0— 0¥0°0 ueaq
8€C0— 1900— €710 S0S°0— 8€00— L9TO 819°0— TC90— 0¢TI'0 $60°0 C8T0  €L8°0— S900— ¢€¥LO0  9¢T0  €€00  891°0—  oered
8¢0°0 (4N 890°0— ¢00'0— 9¢0'0— 0900— 6T00— 6700— TL0'0 1S0°0 081'0— TI00— O00v'I— 8¢I'0— 89¢0 €00 0100 Y
9100 6£€°0— 8¢0'0— 0100 €000 8CI°0 6000 $€0°0  6S00— 6100— L600— T1L00  T800— 8ILO0— OLI'0— 0£C0— €S€00 R |
6100 960°0 S10°0 ¢I00 2000 w00 S10°0 ¥0°0 §20°0 6100 8L00 6100 611°0 cLO0 +08°0— 9¢0°0 8¢00— 339
6100 §zso 1000—  0€1°0 6¥0°0  69¢°0— 7000 8600  LOI'0O— €C00— 681'0— 9100 1800 C8I'T— 90C0 808°0— +EI'0 jiod
¢000— L€00 900°0 000°0 110°0 S10°0— #00°0— €00°0— 9000 800°0 S00°0 IT0°0— €00°0— 8200 09%'0— 810°0 clol— Jood
nng YN 'd JNO[I°) Ojewo], 9SPY) pedarg ceSIe eISed A 2 UMPIY) uedg ojeod NIy sy SS9 S04 Jodg pooo

Konsee aoud pajesuadwosun :¢ 9[qe,

18



Table 6: Demand System with SARAR

Share Beef
(Intercept)_1
In_pbov_1
In_psui_1
In_povo_1
In_pfrango_1
Ly _P_1
lambda_1
rho_1
R-squared

Share Pork
(Intercept)_2
In_pbov_2
In_psui_2
In_povo_2
In_pfrango_2
Ly P2
lambda_2
rho_2
R-squared

Traditional Spatial
0.357***  (0.0983) -0.018  (0.1397)
-0.102  (0.0739) 0.167*  (0.0869)
-0.071*%  (0.0383) -0.271***  (0.1026)
0.0857 (0.0672) 0.025 (0.0629)
0.087*  (0.0477) 0.112  (0.1285)
0.163***  (0.0071)  0.206***  (0.004)
0.206%**  (0.0484)
-0.142%  (0.083)

0.166 0.5287
0.027  (0.0349) 0.0462  (0.0858)
-0.071*%  (0.0383) -0.047  (0.0519)
0.098**  (0.0457) 0.073  (0.0592)
0.047  (0.0301) 0.042 (0.0371)
-0.074*  (0.0391) -0.088  (0.0797)
0.028***  (0.0025)  0.026%**  (0.0018)
-0.058  (0.2358)
0.191 (0.2073)

0.045 0.0809

Share Egg
(Intercept)_3
In_pbov_3
In_psui_3
In_povo_3
In_pfrango_3
Ly P_3
lambda_3
rho_3
R-squared

Share Chicken
(Intercept)_4
In_pbov_4
In_psui_4
In_povo_4
In_pfrango_4
Ly P 4
lambda_4
rho_4
R-squared

Traditional Spatial
0.650***  (0.1008)  0.661***  (0.1528)
0.086 (0.0672) -0.191*  (0.1030)
0.047  (0.0301) 0.221*  (0.1202)
-0.090 (0.0861) -0.080 (0.0746)
-0.042  (0.0529) 0.130  (0.154)
-0.274%%% (0.0081) -0.280***  (0.0043)
0.245***  (0.0403)
-0.0242  (0.0730)
0.298 0.6406
-0.0333  (0.0595)
0.087*  (0.0477)
-0.074  (0.0391)
-0.042%  (0.0529)
0.029 (0.0657)
0.083***  (0.0044)
0.119
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