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ESTIMATION OF FOOD DEMAND IN TURKEY USING QUADRATIC
ALMOST IDEAL DEMAND SYSTEM

SUMMARY

Demand estimation is crucial for people, companies, and governments. It is important
not only for predicting the future quantities, but is also important to understand the con-
sumer behaviour. Because, understanding the consumer behaviour helps to decision-
making process.

This thesis estimates the food demand in Turkey for the years between 2008 and 2016.
Because, drastic increases in inflation rates in recent years is mostly attributed to the
food prices. Besides, demand for food is relatively more inelastic compared to the other
commodity groups. So, food demand in Turkey is an important subject for the welfare
of the Turkish people.

One can make inferences on the consumers’ well-being by observing the revealed pref-
erences which is a subject of the Microeconomic Theory. By understanding the Neo-
classical Demand Theory, one can better understand the consumers’ behaviours (and
preferences). Therefore, I examine the Neoclassical Demand Theory before estimating
the food demand in Turkey.

I use Almost Ideal Demand System to estimate food demand, because it satisfies many
desirable assumptions of the Neoclassical Demand Theory. However, I make estima-
tions using Quadratic AIDS instead of AIDS. Because QUAIDS assumes that con-
sumers have quadratic Engel Curve which is more appropriate for the demand systems.
On the other hand, AIDS and QUAIDS are nonlinear models; but in order to make es-
timations faster, it is converted into a linear model called Linear Approximated AIDS.
However, LA/AIDS has some econometric problems like endogeneity; therefore I es-
timate QUAIDS nonlinearly.

One of the distinctive feature of this study is that I estimate food demand after aggrega-
tion of household surveys. I convert surveys into time series data. By doing so, I notice
unusual behaviour of the consumers during the sacrifice feasts; I estimate the model
faster; and I do not need to apply censored demand techniques to reduce heterogene-
ity. However, the number of observations is reduced to 108 from (almost) 100.000 by
aggregation. Thus, I make robustness checks at some points.

The results carry conviction and give important intuitions about the current debates like
“bread pricing” and “meat imports”. “Meat and Fish” and “Sugar, jam, honey, choco-
late, and confectionary” commodity groups have high income elasticity. Thus, welfare
effects can differ for the low and high income people. The difference between compen-
sated and uncompensated price elasticity for “Bread and Cereals”, “Fruit and Vegeta-
bles”, and “Meat and Fish” commodity groups are very high. This means, consumers
cannot substitute these commodity groups. Thus, price increases for these commodity
groups yield high welfare loss.

Xx1



In order to make better welfare analysis, one should estimate the food supply and sup-
ply elasticities of the commodity groups. And further methodological researches can
be conducted on the machine learning algorithms. ML algorithms offer better perfor-
mance of prediction accuracy and precision. However, there is a huge literature gap on
interpretability of the ML algorithms. ML can be used for demand systems as well.
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KARASEL IDEALE YAKLASIK TALEP SISTEMI iLE TURKIYE’DE GIDA
TALEBi TAHMINI

OZET

Talep tahmini insanlar, sirketler ve hiikumetler i¢in kritik bir konudur. Talep tah-
mini sadece gelecekteki talep miktarlarin1 6ngérmek i¢in degil, ayn1 zamanda tiiketici
davraniglarini anlamak i¢in de 6nemlidir. Ciinkii tiikketici davraniglarin1 anlamak, karar
verme siire¢lerinde yardime1 olmaktadir.

Bu tez, 2008 ve 2016 yillar1 arasindaki gida talebini tahmin etmektedir. Ciinkii, son y1l-
larda enflasyon oraninda yasanan artis, biiyiik 6l¢iide gida fiyatlar ile iliskilendirilmek-
tedir. Diger yandan, gida talebi diger emtialara gore, nispeten, daha az fiyat esnekligi
gostermektedir. Bu ylizden, Tiirkiye’deki gida talebi Tiirk halkinin refah seviyesi igin
onemli bir unsurdur.

Bir kisi, tiiketicilerin refah1 hakkinda tiiketici tercihlerine bakarak ¢ikarimlar yapabilir.
Bu yaklagim mikro ekonomik teorinin konularindan birisidir. Neoklasik talep teorisini
anlamak, tiiketici davraniglarinin (ve tercihlerinin) daha iyi anlagilmasini saglayacaktir.
Bu yiizden tezde, Tiirkiye’de gida talebini tahmin etmeden dnce, bu baglamda neok-
lasik talep teorisinin incelemekteyim.

Gida talebini tahmin etmek icin ideale Yaklasik Talep Sistemini (AIDS) kullanmak-
tayim, ¢ilinkli bu model neoklasik talep teorisinde yer alan birgok dnemli varsayimi
saglamaktadir. Ama, gida talebinin ekonometrik tahminini AIDS yerine, Karesel AIDS
(QUAIDS) kullanarak yapmaktayim. Ciinkii QUAIDS tiiketicilerin karesel Engel egri-
sine sahip oldugu varsayimi kullanmaktadir, ki bu talep sistemleri i¢in daha uygun bir
yontemdir. Diger yandan, hem AIDS hem de QUAIDS dogrusal olmayan modellerdir.
Literatiirde genellikle sonuca daha hizli yakinsamak i¢in, LA/AIDS olarak adlandirilan
dogrusal bir modele doniistiiriilerek kullanilmaktadir. Ama, LA/AIDS modelinin i¢sel-
lik (endogeneity) gibi ekonometrik sorunlari vardir. Bu ylizden, ben bu tezde QUAIDS
modelini dogrusallagtirma olmadan tahmin etmekteyim.

Bu calismanin 6zgiin yonlerinden birisi de gida talebini tiiketici anketlerini birlestirme
(aggregation) ile zaman serisine doniistlirerek tahmin etmemdir. Bu sekilde yaparak,
ozellikle kurban bayramindaki tiiketicilerin farkli davraniglarini fark ediyorum; modeli
¢ok daha hizli tahmin ediyorum; ve heterojenligi azaltmak i¢in sansiirlii talep teknikleri
uygulamama gerek kalmiyor. Ama gdézlem sayisin birlestirme ile (neredeyse) 100.000°den
108’e diismektedir. Bu yiizden bazi noktalarda, modele saglamlik (robustness) testleri
yapmaktayim.

Cikan sonuglar “ekmek fiyatlar1” ve “et ithalat1” gibi giincel tartigmalar hakkinda 6nemli
goriiler vermektedir. “Et ve Balik” ve “Seker, pekmez, bal, cikolata, ve sekerleme”
irlin gruplarinda yiiksek gelir esnekligi goriilmektedir. Bu yiizden, bu {iriin gruplarinda
yiiksek ve diisiik gelirli insanlar i¢in farkli refah etkileri gézlemlenebilir. Telafi edilmemis
ve telafi edilen fiyat esnekligi arasindaki fark ise “Ekmek ve Tahil”, “Meyve ve Se-
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bzeler” ve “Et ve Balik” iirlin gruplarinda c¢ok yiiksek gozlenmektedir. Bu durum,
tiiketicilerin fiyat artigini diger {irlin gruplar ile ikame edemediklerini manasina gelmek-
tedir. Dolayisiyla, bu tiriin gruplarindaki fiyat artis1 yiiksek refah kaybina neden olmak-
tadir.

Daha etkin bir refah analizi yapmak i¢in, arz ve arz esnekliginin de tahmin edilmesi
gerekmektedir. Ayrica bu konuda, makine 6grenmesi iizerine daha fazla metodolojik
aragtirtlma yapilabilir. Makine 6grenmesi algoritmalar1 tahmin dogrulugu ve kesin-
1ig1 hususunda daha 1yi performans gostermektedir. Ama, makine 6grenmesi algorit-
malariin yorumlanabilmesi konusunda ciddi bir literatiir eksigi vardir. Talep tahmini
sistemlerinde makine 6grenmesi yontemleri kullanabilir.
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1. INTRODUCTION

Demand models are useful for estimating price and income elasticity, making infer-
ences about substitute and complementary goods, measuring welfare loss, among other
things. So one should note that in this research, the phrase of “Demand model” im-
plies “understanding the consumer behaviour” rather than “predicting the future de-
mand quantities”. This is also why this research investigates the neoclassical demand

theory.

This research estimates the food demand in Turkey. Because, in recent years, there is a
drastic increase in inflation rate in Turkey; and food prices are blamed to be main rea-
son. Food demand is relatively more inelastic compared to other commodity groups.
Therefore high inflation rates might lead to high welfare loss, especially for poor peo-
ple. On the other hand, there are many studies estimating food demand in Turkey. By

this means, we can make robustness check of this research’s estimation results.

There are many demand systems like Rotterdam model (Theil, 1965), the translog
model (Christensen, Jorgenson, & Lau, 1975), BLP (Berry, 1994), EASI (Lewbel &
Pendakur, 2009), and so on. I use Deaton & Muellbauer’s (1980) Almost Ideal De-
mand Estimation System to estimate the food demand in Turkey. It, by construction,
satisfies many desirable assumptions of consumer behaviour. Besides, AIDS is one
of the most popular demand systems in the literature. It has several extensions like
Inverse AIDS (Eales & Unnevehr, 1994), Generalized AIDS (Alston, Chalfant, & Pig-
gott, 2001), and Quadratic AIDS (Banks, Blundell, & Lewbel, 1997). Herein I conduct
econometric estimation with the QUAI demand model by controlling for demographic

parameters.

AIDS’ functional form is nonlinear, and this makes its estimation relatively difficult.
Thus, Deaton & Muellbauer (1980) replace the nonlinear component (price index) with
a linear function that approximates it. The approximated model is referred as Linear Ap-
proximated AIDS and different approximation techniques for LA/AIDS are proposed
later (Moschini, 1995). Most early studies used the LA/AIDS instead of (the original)
AIDS.



There are different methodologies using AIDS and its extensions in the literature for
food demand estimation. Jabarin (2005) estimate meat demand using LA/AIDS. Uluba-
soglu, Mallick, Wadud, Hone, & Haszler (2016) estimate using the household expendi-
ture survey in Australia by adding regional parameters to the model. Verbeke & Ward
(2001) investigate the impact of negative TV press and advertising on food demand
using AIDS. One distinctive feature of their study is that they incorporated non-linear
AIDS by reconstructing the translog price index. Colchero, Salgado, Unar-Munguia,
Hernandez-Avila, & Rivera-Dommarco (2015) estimate the price elasticity for bever-

ages and soft drinks in Mexico by use of LA/AIDS with Laspeyres price index !.

Food demand estimations in Turkey have been studied with similar methodologies with
minor differences. Sengul & Tuncer (2005) estimate the food demand by separating
the poverty levels using LA/AIDS with Stone’s Price Index. They use TURKSTAT’s
household consumption expenditure survey of 1994. Separating poverty levels allow to
reduce the heterogeneity and to estimate the demands for different income-levels. But
low-income families have “zero” consumption for some foods, so they use Shonkwiler
& Yen’s (1999) two step estimation method to estimate the censored demand. They also
include the socioeconomic parameters in the econometric model like age, settlement
sizes, education and dummy variables for months. Akbay, Boz, & Chern (2007) use
the same econometric model to estimate food demand but they increase the number of
food groups, and they do not consider poverty levels. Bilgic & Yen (2013) use more
homogeneous food groups to estimate food demand and they used Shonkwiler & Yen’s

(1999) two step estimation.

Demand estimations yield versatile results for income and price elasticities. For exam-
ple, Armagan & Akbay (2008) use a similar methodology to estimate the demand for
animal products using a household expenditure survey in Aydin, Turkey. Interestingly,
their study finds more inelastic demand. This result might be the consequence of biased
data, because people in Aydin wealthier than the average of Turkey. However, other
studies show diversified results as well. On the other hand, LA/AIDS estimations are
likely to be not robust because of two main reasons: (1) AIDS assumes a linear Engel
curve 2 and linear approximation methods might lead to price endogeneity problem. In
order to better understand the consumer behaviour, more robust estimations must be

done. Table 1.1 compares the elasticity estimations of Armagan & Akbay (2008) and

"Laspeyres price index considered to be better approximates the translog price values than Stone’s
price index which is used by Deaton & Muellbauer (1980)
2By construction, AIDS is a rank-two demand system. So, it assumes a linear Engel Curve.
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Bilgic & Yen (2013) for some products:

Table 1.1: Comparison of two elasticity estimations in Turkey for some products.

Bilgic & Yen (2013) Armagan & Akbay (2008)

Milk -1.229 -0.311
Fish -0.932 -0.432
Yogurt -1.337 -0.300
Cheese -0.712 -0.526

Ipek & Akyaz1 (2015) criticize that demand estimations in Turkey done without con-
troling the demand ranks as Lewbel (1991) proposed. Ipek & Akyazi suggest to do
ranking test before choosing a demand system or to use a non-parametric demand sys-
tem like Exact Affine Stone Index * (Lewbel & Pendakur, 2009). However, Banks et
al. (1997) show that Engel curves unlikely to be linear. So using rank-two demand sys-
tems (AIDS is a rank-two demand system) gives meaningful results only in rare cases

and quadratic rank-three demand systems * should be enough for the most.

Theoretically, one of the very problematic issues is using price indices to linearize the
econometric model. For instance, Stone’s price index is criticized for allowing price
endogeneity in the econometric model. The alternative price indexes are not perfect

though they are slightly better (Henningsen, 2017).

There is a considerable literature for demand estimation for food in Turkey. Most of
the studies were conducted with TURKSTAT’s household survey. However there is
no study using the recent household surveys, between 2012 and 2016. This research
have three contributions to the literature: (1) Investigating the consistency of demand
estimations with Neoclassical Microeconomic Theory; and (2) estimating (nonlinear)

Quadratic AIDS instead of LA/AIDS.

Chapter 2 investigates the Neoclassical Demand Theory, and shows the derivations of
AIDS and QUAIDS in the same context. Chapter 3 explains the data and methodol-
ogy used for food demand estimation. Chapter 4 evaluates the econometric estimation

results. Chapter 5 remarks the opinions for this and the future researches.

SEASI
4 Assumes a quadratic Engel curve






2. DEMAND THEORY

This section summarizes some parts (that relate to AIDS) of the neoclassical demand
theory from Mas-Colell, Whinston, & Green (1995) and Jehle & Reny (2011); and
shows the derivation of AIDS and QUAIDS in the same context.

2.1 Neoclassical Demand Theory

The preferences of individuals are represented via utility functions which allow using
calculus methods. A preference relation, 7, is represented with a utility function, u(.),

S ~U?

when:

u(z%) > u(z!) <= 2° 1z 2! Vel 2l e X = Ri (2.1)

The existence of the utility function for a preference relation depends on properties of
>-. Ifarational preference is continuous on its consumption bundle, X, then there exists
a continuous utility function, u(z), representing the rational preference (Mas-Colell
et al.,, 1995). Note that, existence of the utility function depends on the rationality

condition.

However, existence of utility function that represents a preference relation does not im-
ply u(.) is unique. Say, there exists a relation such that v = u + 3. If u(.) is a utility
function representing the preference relation, -, then v(.) is a utility function represent-
ing the relation —; because the condition 2.1 is satisfied for v(.) as well. Thus, the utility
functions are invariant to the strictly increasing transformations. The non-uniqueness
property of utility functions allow using different functional forms representing the

same preferences (Jehle & Reny, 2011).

It is possible that a utility function satisfying all required properties is continuous but
undifferentiable such as the Leontief utility function. However, demand systems re-
quire differentiable utility functions to be able to make mathematical conversions (Mas-
Colell et al., 1995). In short, differentiability is not a required but a desired property of

utility functions.



It is generally difficult to derive the utility function of an individual but only revealed
preferences can be observed. A rational consumer is expected to maximize his or her
utility with a limited budget (m) and existing prices (p). So consumer s problem can be
reduced to an optimization problem with a budget constraint. The Utility Maximization
Problem (UMP):

max u(x) s.t. p.x < m. (2.2)
zERTY

Solution of the problem gives consumer’s preferences who is a utility maximizer. The
solution is called Walrasian Demand or Marshallian Demand: x*(p, m). Proposition

given by Mas-Colell et al. (1995, Proposition 3.D.2.) as follows:

Proposition: A continuous utility function u(.) representing a locally non-satiated pref-
erence relation 7 is defined on a consumption set X € R%. Then Walrasian demand

corresponding the utility function u(.) holds the following properties:

1. Homogeneity degree of zero: x(ap,am) = x(p, m).
2. Walras’ Law or Budget Exhaustion Condition: p.x = m, Yz € x(p,m)

3. Uniqueness: The preference relation is assumed to be convex and therefore u(.)

is quasiconcave. This implies the x(p, m) is convex and it has a unique solution

(%)

The utility function defined on consumption bundle is called the direct utility function,
because utility is the result of consumption bundle itself. The parameters rendering the
consumption bundle (x*) are prices (p) and income (m). However, the same problem

problem can be defined in a different way:

v(p,m) = max u(x) st. pxr<m (2.3)

An indirect utility function can be defined using the solution of the utility maximization

problem (equation 2.2) x* :

v(p,m) = u(z*(p,m))



So parameters defining utility are the prices and the income, indirectly. The properties
of indirect utility function defined on continuous utility function, u(x), are as follows:

(Mas-Colell et al., 1995):

1. Homogeneity degree of zero: v(ap,am) = v(p,m)
2. Strictly increasing in m and nonincreasing in p; for any [

3. Quasiconvex: forany v the set {(p, w) : v(p, w) < v} is convex. Say there exists
two extreme budget sets for p and p’. This property says that consumers prefer
two extreme budget sets for the prices p and p’ to the average the two, ’%”/ (Jehle
& Reny, 2011).

4. Continuous

Additionally, the indirect utility function has a property called “Roy’s Identity”. It im-
plies that Walrasian Demand for a commodity is the negative ratio of partial derivatives
of indirect utility respect to price of the commodity and the income level. So, if v(p, m)

is differentiable at (p, m) and dv(p, m)/Om # 0 then there is the relationship:

dv(p, m)/Op;

,=1,...,n. .
oo = e (2.4)

xi(pv m) ==

Roy’s identity constitutes an important step for derivation of AIDS.

The consumers’ problem can be approached from another perspective. Remember the
definition of indirect utility (equation 2.3). An expenditure function is defined that

minimizes the expenditures while maintaining a minimum level of utility:

e(p,u) = minp.x s.t. u(z) > u (2.5)

If u(.) is a strictly increasing and continuous utility function then properties of e(p, u)

are as follow(Mas-Colell et al., 1995):

1. Homogeneous of degree 1 in p
2. Strictly increasing in u and increasing in p; for any commodity,

3. Concave in p: e(p’,u) > Xe(p,u) + (1 — Ne(p”,u) where p” > p’ > p and
0<A<L



4. Continuous

Expenditure function has another property called the Shephard’s lemma: e(p, u) is dif-
ferentiable in p at (p”, u°) with p° > 0, and:
de(p°, u®)

o, = hi(p°, u°), i=1,..,n. (2.6)

Where h; is the Hicksian Demand.

The consumer’s problem is reduced to a maximization problem in equation 2.2. How-
ever, by definition in equation 2.5, the consumer’s problem changes and becomes an
expenditure minimization problem which have a utility constraint. So the expenditure
is minimized by maintaining a minimum utility level. The solution of the expenditure
minimization problem can be used to derive the Compensated Demand or Hicksian De-
mand. The expenditure function have two parameters: u and p. Let’s say v(p,m) = u
and the price levels had changed: v(p’,y) = «’. Hicksian demand measures the com-
pensated demand by answering the question: What would be the consumption bundle

if we keep utility level u constant while prices are p'?

Properties of Hicksian demand function A(p, u) (Mas-Colell et al., 1995, Proposition

3.E.3) are as follows:

1. Homogeneity of degree zero in p: So h(ap,u) = h(p, u). This implies price levels
does not change the compensated demand level, but only the relative prices are

important.
2. No excess utility: x € h(p, u) implies u(x) = .

3. Convexity (Uniqueness): 1f preference relation is convex then h(p, u) is convex;
and if preference relation is strictly convex then quasiconcavity of u(.) implies

h(p,w) has a unique solution.

So far, we approached the consumers’ problem from two perspectives: Utility maxi-
mization and cost minimization. The solutions are the Walrasian Demand and the Hick-
sian Demand, respectively. So if we set the constraint of minimization problem in 2.5

as the solution of the maximization problem then it would give the Walrasian demand:

h(p,v(p,m)) = z(p, m) (2.7)

8



Similarly we can derive the Hicksian Demand from Walras’ Demand.

z(p, e(p,u)) = h(p,u) (2.8)

The Slutsky Equation: Assume u(.) is a continuous and strictly increasing utility func-
tion representing the preference relation, -, and v = v(p, m) for all p and m. Recall

s ~U?

the equation 2.8 and take the partial derivative of h;(p, u*) = x;(p, e(p, u*)) respect to
Dk-

Ohy(p, u*) _ Oxy(p, e(p, u*)) N Oxz(p, e(p, u*)) Oe(p, u*)

2.9
Opr, Opr, om Oprk 29

Replace de(p, u*)/0py, with hy(p,u*) = hi(p,v(p,m)) = zx(p, m) using equations

2.6 and 2.7, respectively. After some rearrangements we have the Slutsky Equation:

ahl(p> U) a$l(p7 m) 8.%1(]77 m)
E - 7 2.10
axl (pa m) ahl (pa U) axl(pa m)
_ _ s 2.11
8pk apk; ; l‘k(pv m) am b ( )
——— ——— ~~
Total Effect Substitution Effect Income Effect

Check out for the explanations in the equation 2.11. Remember the logic of Hicksian
demand that holding utility level constant, how price changes affect the demand. So
Ohy(p,u)/Op, measures the substitution effect (change in demand of commodity [)
when the price of commodity & is changed. On the other hand, 0z, (p, w)/0py, measures

the total effect. The remainder is the measure of income effect.

Again remember the Shephard’s lemma 2.6 and the properties of expenditure function
that it is concave. By Shephard’s Lemma Hicksian Demand is defined as h;(p, u) =
de(p,u)/dp; and therefore Oh;(p,u)/Op; can be written as 9%e(p, u)/dp?. Therefore

concavity of the expenditure function implies negativeness of own-substitution:

] 2
Ohi(p,u) _ 9 e(pé W oo vie 1,2,3...,n (2.12)
Ip; op;

This property called the Negative Own-Substitution Terms (Jehle & Reny, 2011). Let’s

define the substitution matrix:



Oh(p,u) Oh(p,u)

Por o Boe
o(p,u) = : : (2.13)
dh(p,u) Oh(p,u)
Op1 T Opn

All terms in the diagonal matrix are negative as explained in the equation 2.12. There-
fore, substitution matrix is negative semi-definite. Also substitution terms are symmet-

ric such that (Jehle & Reny, 2011, Theorem 1.15):

Ohi(p,u)/9p; = Oh;(p,u)/Op; (2.14)

Let’s rewrite the Negative Own-Substitute Terms matrix of Walrasian demand which

is called the Slutsky matrix:

oz1(pm dx1(p,m Oz1(p,m ozx1(p,m
s(p,u) = 1 :
8:13%(1)171,7;1) + axnggfém))xl(% m) ... 8””’5;’”,;m) " 8%555;7”))%(?7 m)
2.15)

By definition of Slutsky equation Slutsky matrix have the same properties with sub-
stitution matrix. Therefore Slutsky matrix is negative semidefinite and symmetric as

substitution matrix. (Jehle & Reny, 2011, Theorem 1.16)

Recall the Slutsky equation 2.11 and follow the steps:

8&7[(]3, m) _ ahl(p7 U) — (p m) 8$l(p> m)
Opr, Opi R om
h
axl(pv m)pk _ 0 l(p7 U)pk . pkxk(pu TTL) axl(l)a m)m (216)
Opy, Opr m om
The expenditure share of commodity £ is defined as follows:
Prqr(p,m) = w; 2.17)
m

Substituting 2.17 in equation 2.16 and dividing all terms with z; will result:

Ou(pm)px _ Ohilpw)pe . Oilp,m)m

Opr. o Opr om x
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The result is, respectively, the relation between uncompensated price elasticity (€]} ),

compensated price elasticity (¢/1), expenditure share (w},) and income elasticity (1):
€lh = €1, — Wkt (2.18)

2.2 Demand Systems

2.2.1 Almostideal demand estimation

Deaton & Muellbauer (1980) had proposed a demand system that is compatible with
the neoclassical demand theory called the Almost Ideal Demand System. AIDS and its
extensions are one of the most popular demand systems used in the literature. So far,
basic concepts of the neoclassical demand theory are explained. This section elaborates

on the AID model from given perspective of Neoclassical Demand Theory.

The derivation of the AIDS is based on the PIGLOG preferences defined by (Muell-
bauer, 1975). Of course, the PIGLOG preferences treat market demand as if they are the
outcome of rational consumers’ decisions. PIGLOG is represented by an expenditure

function in form of:

Ine(p,u) = (1 —u)Ina(p) + ulnb(p) (2.19)

The utility level u lies between 0 and 1, representing the “subsistence’ and “bliss” levels
respectively. Therefore a(p) is referred as cost of subsistence, and b(p) is referred as
cost of bliss. The terms, a(p) and b(p) are positive linearly homogeneous functions and
their functional form must allow expenditure function to be flexible. It it must hold the
properties given and must be differentiable. Deaton & Muellbauer (1980) take the
functional forms for a(p) and b(p) to be:

1
Ina(p;) = ao + Z a;Inp; + 5 Z Z Vi Inpir Inpjy (2.20)
(] 7 7
Inb(p,) = na(p:) + Bo | [ oi* (2.21)
k

Where v* measures the cross-price effects.

Substituting the equations 2.20 and 2.21 inside the PIGLOG preferences in equation

2.19 gives the expenditure function:

11



1 _
Ine(pruw) =ao+ ) Inpu+5 ) > vslnpulnput+u fo][py @22)
[ 7 7 )

N -~ / H,—/
Ina(pe) Inb(p:)—Ina(p:)

Applying Shephard’s Lemma (see equation 2.6) to the expenditure function gives the
Hicksian Demand, A(p, u). If u is replaced with indirect utility function v(p, m) then
Hicksian Demand transforms into Walrasian Demand as explained in equation 2.7. The

indirect utility can be derived from the equation 2.22 by leaving u alone:

_ Inm—In a(p)
Inb(p) — Ina(p)

Where e(py, u;) is treated as an exogenous variable represented with m. By applying

u=v(p,m) (2.23)

Shephard’s lemma in logarithmic functional forms will give the expenditure shares as

shown:
dlne(p,u)  pig
Olnp;  e(p,u)

= w; (2.24)

From the equation 2.19 w; is:

~ Jlna(p) ualna(p) +u@lnb(p)

i =

Oln p; Oln p; Olnp;
_ dinalp)  dna(p) | d(ina(p) + o T, 7)
Oln p; Oln p; Oln p;
_ Olna(p) dlna(p) dlna(p) 0(Bo 1, P%)
~ Olnp; “oln Di T Jlnp; T Oln p;
_ dlna(p) n ua(ﬁo 1L pﬁl)
Oln p; Oln p;

= a; + Z Yij Inpjr + Biubo Hpﬁ
j i

where v;; = %(%*j + 7;“1) The functional form above represents the expenditure share
for Hicksian Demand. By substituting « with indirect utility given in equation 2.23

expenditure share for Walrasian Demand is derived:

12



_aZ+Z%]1npg+ﬁz( ln7(n hllnaa; 501_[]7 >

:al—i_zr%]lnpg"_ﬁl(ln?; Hlnap /BOHp )
J 7 Dy

=a; + Z’Yij lnpj + ﬁl In (@)
J

Given derivations result the AIDS model:

m;
w; = a; + Y i lnp; + filn (—> (2.25)
: a(p)
There are some constraints for consistency originating from the Neoclassical Demand

Theory.

By intuition summation of all expenditure shares must be 1. Adding-up conditions

ensure that >, w; = 1:

 ai=1; Z@_ Z%j:o vj (2.26)

%

The rational consumer’s decisions are boxed on the relative prices not the nominal
prices which requires the imposition of given constraint (Recall the Homogeneity De-

gree of Zero property):

J

However applicability of the Shephard’s lemma depends on the Slutsky symmetry con-

dition. Therefore, cross-price effect parameters, v, must be symmetric:

Vig = Vi Vi (2.28)

13



With given constraints (2.26, 2.27, and 2.28) and w; the econometric model can be

estimated:

m;
Wy = a; + z]: vij Inpj + B In (a(pt)) + erry (2.29)

However the econometric model above is nonlinear because of translog price index
(a(p:)). To make linear econometric estimations Deaton & Muellbauer (1980) use a

linear price parameter, Stone’s Price index instead of a(p):

Ina(py) = wilnpy (2.30)

Deaton & Muellbauer (1980) empirically show that Stone’s Price Index approximates
the translog price index with given equation 2.30. By replacing the translog price with

the price index, they derived LA-AIDS econometric model to make estimations easier:

wiy = a; + 2%‘3 Inpj; + 57 In ( mi;f ) + errs) (2.31)
r a(py)

Including the a(p;) to the econometric model instead of a(p;) causes endogeneity by

placing w;; both sides of the equation. Moschini (1995) proposes alternative price in-

dexes: Paasche, Laspeyres, and Tornqvist. It looks like Laspeyres index relatively

performs better than others but it still remains as a controversial issue (Henningsen,

2017) in three aspects: (1) Units of measurement changes the results, (2) there is ap-

proximation errors, and (3) theoretical inconsistency of LA-AIDS’.

Moving away from the debates, it is unnecessary to use LA-AIDS, because advances
in software technology allow to solve nonlinear econometric models easily. One can

use translog price, a(p;), non-linearly without external price indices.

One of the very important output of the demand estimations are the elasticities. It
gives important clues about the consumer behaviours. Walrasian (Uncompensated)

price elasticity of demand is:

STheoretically, demand functions must be integrable that yield a utility function. Under certain con-
ditions, LaFrance (2004) solved the integrability problem of LA-AIDS.

14



94i p;

W i Pj

€ = ——— (2.32)
! Ip;j 4

The expansion of the expenditure share (equation 2.17) contains the quantity variable,

q;, therefore AIDS model (equation 2.25) for commodity ¢ can be written as follows:

my
qi = —
p.

)

a; + Z Yij Inp; + B In (;Z;)] (2.33)
J

Putting AIDS quantity, g;, into the the equation 2.32:

my;
94i p; _ mp; a(p)
apj q; y210 apj
_ P _6’8lna(p)
W; _pj apj
pi v B (
— ——\a;+ D ik hlpk)
= |~ Bi <aj + Z%’k lnpk)]
v L k

Yij — Bi <aj + Dk ik 1npk>

wy;

If ¢ = j then the own price elasticity becomes:

Yij — Bi (aj + D ik hlpk)
eV = —1 (2.34)

wy

The own-price elasticity is has —1 additionaly because of extra derivations in In a(p).
Through the Slutsky equation compensated price elasticity (see equation 2.18) can be

calculated.

The income elasticity calculated in the same way:
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_%ﬁ mi8[%<ai+2j%‘jlnpj—i—ﬁiln(aT(TZ)))]

Hi

O, i Z om;
m; (W m; g
i
q; \Pi pi my
=1+ & (2.35)
w

2.2.2 Quadratic almost ideal demand estimation

The functional form of AIDS assumes a linear income effect, in other words, assumes
that Engel curve’s shape is linear. However, increase or decrease rate of the demand
for some goods may not be linear in terms of income. In fact as Banks, Blundell, &
Lewbel (1997) shows Engel curves’ shapes are nonlinear in most cases. AIDS becomes
an appropriate demand system if and only if all commodities (or commodity groups)

have linear Engel Curves. Otherwise, it would lead to un-robust estimations.

According to Banks et al. (1997), the simplest form of expenditure function consistent

with the empirically observed Engel curves is as follows:

w; = Ai(p) + Bi(p) Inz + Ci(p)g(x) (2.36)

where g(x) is some continuous function. Banks et al. (1997) states that the only indirect
utility function that is consistent with the expenditure function given as the equation

2.361s:

InV(p,m) = [{m&#}l - )\(p)] (2.37)

The functional form of the translog price is the same with the equation 2.20. How-
ever, the price aggregator, b(p), has a different functional form than AIDS. There is no

difference in terms of mathematical model (Compare with the equation 2.21):

k
b(p) = [ v (2.38)
=1
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The function A makes the demand system quadratic which is differentiable and homo-

geneous degree of zero in p:

k
A(p) =) Ailnp; (2.39)

=1
In addition to the constraints of AIDS (The adding-up condition: 2.26, Homogeneity

condition: 2.27, and Symmetry condition 2.28) the quadratic function have another

constraint:

k
Z Ai=0 (2.40)
i=1

Instead of applying Shephard’s Lemma as in the AIDS, Roy’s Identity (equation 2.4)
can be used to transform the indirect utility (equation 2.37) into the Walrasian demand.

Applying indirect utilities in logarithmic form yields the expenditure shares as follows:

Olnv(p,m)/0lnp; _ Ov(p,m)/pi p;

- = — = w; 241
dlnv(p,m)/0Inm; ov(p,m)/Omm; v 241)
To solve the Roy’s Identity equation 2.37 is simplified:
Inv(p, m) Inz (2.42)
v(p,m) = :
b InzA(p) + b(p)
Expanding the equation 2.41 yields (see Appendix A for steps):
w; = a; + Z%k Inpy, + Biln(z) + b In?z (2.43)
k

Knowing that Inz = Inm — Ina(p) = In (%) , the QUAIDS equation is:
a(p

wi= a3 winp;+ filn (Zo5) + b(AZj [in m>>F (2.44)

J
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Mind the difference between AIDS and QUAIDS (see equations 2.44 and 2.29). Income
parameters became quadratic with new variables. This implies if \; = 0 Vi then Engel

curve is linear. That is why AIDS is a special case of QUAIDS.

Partial derivative of equation 2.44 respect to Inm and In p; will give price and expen-

diture elasticity respectively as in equation 2.35 :

pi = Bi + o) <ln [Tp)] ) (2.45)

€ij = Yij — M (aj + Z”ij hlpk) — fg;)z [hl (%)]2 (2.46)
k

The uncompensated demand elasticity is derived with equation 2.18 as done for AIDS.

2.2.3 Demographic variables

The demand for any good, apart from the income and prices, depends on some per-
sonal/household characteristics. Two households, even if they have the same income
level, could behave in different manner depending on demographic differences. How-
ever, these household characteristics are not accounted in the Al or QUAI demand
systems. Thereby, Ray (1983) transformed the expenditure function to account for the

demographic variables:

e(p, z,u) = mo(p, z,u) x e (p,u) (2.47)

where ef(p,u) is the reference expenditure function scaled by the demographic vari-

ables, mo(p, z, u). The scale function consists of two components:

mo(p, z,u) = mo(2) X ¢(p, z,u) (2.48)

Ray (1983) defined the m(2) as:

mo(z) =1+ p'z (2.49)
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z is the vector of demographic variables and p is the vector of parameters to be estimated
that represents the demographic characteristics. p measures the linear/average increase
in household expenditure and does not consider the different consumption patterns.
The tricky part is the functional form of ¢(p, z, u). Applying Shepard’s Lemma (2.6),
to the equation 2.47 yields:

~ Olne(p, 2, uy)

Wi = 3lnpz
_ omo(z)  09(p, 2, ur) n dlnef(p, uy)
a¢(P 2t Ut)
= wk ZTND T T 2.
w;* (u, p) + D, (2.50)

So the second term, ¢(.), expresses the expenditure differences between households
via demographic characteristics. Functional form of ¢(.) must be homogeneous degree
of zero in prices and must have non-negative values (Ray, 1983). I use the functional
form from Poi (2002):

ko Birk M7
Hj:lij<Hj:1pj] —1)
1/u — Z?:l >\j ll'lpj

In¢(p, 2, up) = (2.51)

After specifying the functional form of ¢(.), w;; can be represented in the vector form,

wy, as in the equation 2.50:

wi= i+ Y gty + (G i) n (=
J

The parameter ¢(p, 2) is:

k /
;%
l l Pj
Jj=1

After employing the demographic characteristics we have another constraint on the top

of that ]?: n-; = 0 for all demographic characteristics r = 1,2, ..., s.
g=1"7)
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Elasticities are calculated in the same way with Al and QUAI demand systems. Taking
the partial derivatives of the equation 2.52 with respect to Inm and In p;, respectively,

yields:

’ 2>\z n m
W:@+m”Wwwma<1Lm@mm] (232)

6”:””_(@+”*+b@ié¢o@“b%éﬂwﬂ)>Q”+2;%““?>

(8; + 1)\ mo N2
o (e (234
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3. DATA

This thesis estimates the food demand using Turkish Statistical Institute’s Household
Consumption Surveys between 2008-2016 (TURKSTAT, n.d.). TURKSTAT makes
household surveys plannings every year. The period for the surveys are one month. So
at the beginning of the year they plan to make surveys with 12n households, and every

month they make surveys with n families.

3.1 Categorization

TURKSTAT (2015) uses the COICOP classification system, Classification of Indi-
vidual Consumption by Purpose. There are 12 categories of expenditure survey: (1)
Food and non-alcoholic beverages; (2) Alcoholic beverages, tobacco and narcotics, (3)
Clothing and footwear; (4) Housing, water, electricity, gas and other fuels; (5) Furnish-
ings, household equipment and routine household maintenance; (6) Health; (7) Trans-
port; (8) Communication; (9) Recreation and culture; (10) Education; (11) Restaurants

and hotels; (12) Miscellaneous goods and services.

There are 4-levels in each categories. I will use the first category’s subcategories. The
first level within the Food and non-alcoholic beverages category have two subcate-
gories: (1) Food and (2) Non-alcoholic beverages. Only the first subcategory, Food, is

used for this research. Food subcategory consists of 9 food groups:

1. Bread and cereals

2. Meat

3. Fish and seafood

4. Milk, cheese, and eggs
5. Oils and fats

6. Fruit

7. Vegetables

8. Sugar, jam, honey, chocolate, and confectionery
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9. Food products n.e.c.

For instance all goods numbered 111x are in the Bread and cereals category or 112x

are in the Meat category.

[ aggregate the expenditures in the third level. In other words, there are 9 food groups to
be analyzed. Apart form the expenditure data, household and individual characteristics
are recorded in separate databases. These databases contains information like house-
hold size, number of rooms, if an individual smokes within that household, income of

the household and individuals, and so on.

TURKSTAT surveys specific number of households monthly where the number is pre-
determined for that year. By construction, data is cross-sectional but it can be trans-
formed into time series data by aggregating the households within the same month
and year. There are more than 100,000 surveys done between 2008 and 2016, how-
ever transforming them into Time Series data results in 108 observations. There are
two main reason justifying this transformation: (1) Zero-consumption causes hetero-
geneity and it requires to use censored demand methods as Akbay et al. (2007) did;
(2) Household surveys do not contain the prices of expenditures separately but only
the total expenditure is available. Prices of the goods can only be obtained through
TURKSTAT’s price index, which is recorded monthly.

There are pros and cons of this transformation. The worst consequence is the decrease
in the number of observations. Secondly, some of the demographic characteristics can-
not be parameterized or causes restrictions on their use. However, one of the major
problems of the demand estimation, heterogeneity, is reduced by aggregation. Another
obvious advantage is that it can be estimated much faster. Because nonlinear estima-

tions require much more time than LA/AIDS.

3.2 Data Manipulation

TURKSTAT used, specifically, the COICOP_HBS classification system between 2002
and 2014. However they made minor changes and used a different classification sys-
tem named COICOP (V.2011) after 2015 (TURKSTAT, n.d.). Therefore combining
the surveys with different classification system created minor inconsistencies within
the groups. Particularly, ”"Food products n.e.c. ” category suffers from that inconsis-
tency; because it has relatively smaller share in expenditure budget. Also some new

products were included and the definitions had been changed, therefore, in both the ex-
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penditure shares and the price levels there are sudden jumps and drops. Consequently,

this category is dropped from the demand estimation.

Estimations give meaningful results with the remaining 8 categories. However, with 8
categories, QUAIDS model (without demographic variables) estimates 60 parameters.
Meanwhile including n demographic variables increases the number of parameters by
n x 8 + n. This might cause some econometric problems for estimation like identi-
fication problem. Herewith, the number of groups are reduced to 6 by combining the
categories Meat and Fish; and categories Fruit and Vegetables. Thus, I estimate food
demand for six categories: (1) Bread and Cereals, (2) Meat and Fish, (3) Milk, Cheese
and eggs, (4) Oils and Fats, (5) Fruits and Vegetables, and (6) Sugar, jam, honey, and

others.

3.3 Prices

I received the price levels from TURKSTAT. The prices for the commodities are given
with the COICOP classification system. Thus, price levels and household survey com-
modity groups are consistent. However, no prices were given for the food groups.

Thus, I estimate the weighted prices for each food category. Figure 3.1 implies:

* Price levels had increased for some commodities faster than others like “Meat
and Fish” and “Oils and fats”.

* Prices increase rate of “Fruit and Vegetables” seems increased since 2012.

» Seasonality can be observed for “Meat and Fish” and “Fruit and Vegetables”
categories.

3.4 Descriptive Statistics

Within the 6 food categories, “Meat and Fish” have the highest variance as seen in table
3.1. There are two major reasons: (1) Seasonality of the fish prices, and (2) Meat con-
sumption during the Sacrifice Feasts. Second reason has significant impacts on expen-
diture shares, which can be observed in the average monthly expenditure per individual
(see peaks in the figure 3.3). It appears that jumps of “Meat and Fish” and “Sugar, jam,
honey, chocolate, and confectionary” consumption is the reason of increase in expen-
ditures during the Sacrifice feasts (See figures 3.2 and 3.3). The consumption of other
groups does not decrease nominally during the sacrifice feasts but their expenditure

shares decrease. Consequently, the sacrifice-feast-effect cannot be neglected, because
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Figure 3.1: Weighted Price Levels for food groups (monthly)

it leads to too much disturbance in the data. This is why this dates will be employed
as dummy variable in the demographic characteristics. The existing studies have not
controlled the sacrifice feast effect. Though sacrifice feast is not coherent with the Gre-
gorian calendar, date changes so slowly in years that its effect on consumer behaviour is
pretty much compensated by other seasonality parameters like months or seasons in the
existing studies. However, sacrifice feast effect and seasonality must be distinguished.

Otherwise seasonality parameters become biased.

Table 3.1: Descriptive Statistics of Food Groups

Variable Mean Std. Dev. Min Max
Bread and Cereals 0.23 0.03 0.13 0.28
Meat and Fish 0.19 0.08 0.12 0.49
Milk, cheese and eggs 0.16 0.02 0.09 0.20
Oils and fats 0.06 0.01 0.04 0.08
Fruit and Vegetables 0.29 0.03 0.18 0.34
Sugar, jam, honey, ... 0.08 0.01 0.06 0.11

As stated in the many reports, Turkish population is aging (TC KALKINMA BAKAN-
LIGI, 2014) which can be observed from two aspects in the household surveys. Firstly,
the average age is increasing ®. And secondly, the average household size is decreas-

ing every year (see Figure 3.2). Age is used as demographic variable in many demand

The years 2008 and 2009 excluded from the graphs because age is recorded as categorical variable
within those years.
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system analysis (Akbay et al., 2007; Dybczak et al., 2014; Sengul & Tuncer, 2005), but
I do not use it because of inconsistency between years. The explanatory effect of the
age variable can be partially compensated by the household size variable. There is a

significant correlation between average household size and the average age (see figure
3.2)".

"The correlation between the age and average houschold size is —0.7817 after 2010.
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4. ECONOMETRIC ESTIMATION

As explicated in the previous sections I estimate the QUAIDS model by employing
the Ray’s 1983 expenditure function with demographic variables. I use Poi’s (2012)
user-written STATA package, “quaids”, to estimate the equation 2.52.

Table 4.1 gives the R? values of predictions for each commodity groups. Apparently,
the model cannot explain the variation well in the Commodity Group 6. So, further

attention should be given for interpretations related with the Commodity Group 6.

Table 4.1: R? of Commodity Groups predictions

CGl CG2 CG3 CG4 CGS5 CGo
89% 97% 91% 82% 82% 51%

Three demographic variable are used in the estimation. The first demographic vari-
able is the average household size. Household size is expected to have an effect on
both the amount of expenditure and the expenditure behaviour of households. Sec-
ondly, a dummy variable for the date (months) of the sacrifice feasts is added. It is the
most important demographic variable for the robustness of the demand estimation. As
seen in the Figure 3.3 household behaviour changes dramatically during this months.
Thirdly, the seasonality dummy variable is added to separate the seasonal expenditure
behaviours. Ideally, there should be 11 seasonality variable for the months. However,
it leads to 6 x 11 + 1 extra parameters to estimate. The given estimation cannot be per-
formed with 108 observations. So, seasonality variable comprises the Fall and Winter

months as dummy alone.

4.1 Estimation of the Model

The « coefficients are not meaningful alone which could be negative either.

B; coefficients give intuitions about the income effect. As income increases expendi-
ture shares of commodity groups 1, 2, and 6 decrease; commodity groups 2, 4, and
5 decrease. Interpreting the A\, and [ coefficients together gives further and accurate
intuition. For instance, interpretation of the commodity group 2 is reversed, because

the quadratic term has a considerable and bigger value with positive sign. This means
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as income increases commodity group 2’s expenditure share increases quadratically.

However, commodity groups 1, 3, 5, and 6 have quadratic term that are statistically not

significant. Therefore, their Engel curves are linear. Commodity group 4’s expenditure

share increases as income increases but in a diminishing rate and even decreasing after

a point.

Table 4.2: QUAIDS estimation coefficients and their standard errors

Coef. CG1 CG2 CG3 CG 4 CG5 CG6
a; 03160  0.0893"* 02500 0.0946** 0.2310"* 0.0191
0.024)  (0.022)  (0.026)  (0.015)  (0.024)  (0.030)
B, -0.1394  -0.1647  0.0158 0.1102** 03181  -0.1400
0.096)  (0.147)  (0.088)  (0.044)  (0.154)  (0.098)
vi  0.1436"*  -0.0688"* -0.0038  -0.0309*** -0.0145  -0.0256
0.030)  (0.009)  (0.017)  (0.011)  (0.013)  (0.025)
Yo -0.0688*** 0.0944***  -0.0310* -0.0372*** 0.0367*** 0.0058
0.009)  (0.014)  (0.007)  (0.004)  (0.012)  (0.007)
v -0.0038  -0.0310"* -0.0136  0.0067  0.0170  0.0247
0.017)  (0.007)  (0.0200  (0.010)  (0.011)  (0.018)
v -0.0309** -0.0372** 0.0067  0.0366"* -0.0019  0.0267**
0.011)  (0.004)  (0.010)  (0.009)  (0.008)  (0.012)
vs  -0.0145  0.0367*** 0.0170  -0.0019  -0.0301* -0.0072
0.013)  (0.012)  (0.01)  (0.008  (0.017)  (0.014)
vs  -0.0256  0.0058 0.0247  0.0267*  -0.0072  -0.0245
0.025)  (0.007)  (0.018  (0.012)  (0.014)  (0.029)
A -0.0639 021547 0.0006  -0.0849"* -0.0735  0.0063
0.041)  (0.062)  (0.047)  (0.032)  (0.055)  (0.037)
Misee -0.0628 02576  -0.0156  -0.0195  -0.1271** -0.0326"*
0.039)  (0.139)  (0.025)  (0.025)  (0.053)  (0.007)
Ninns  0.0283 0.0510  -0.0495  -0.0225*  -0.0734*  0.0661***
0.023)  (0.040)  (0.023)  (0.012)  (0.039)  (0.025)
Miseason 0.0479%  -0.1015*** 0.0637**  0.0287**  0.0245  -0.0632***
0.017)  (0.034)  (0.029  (0.008)  (0.017)  (0.020)

Table 4.3 summarizes the scalar coefficients for the demographic variables (recall the

equation 2.49).
Table 4.3: Scalar Coefficients
Scalars (p) Coef. Std. Err. z P>z
Sacrifice Feast months 0.0117 0.04 0.288595 0.968
Fall and Winter Seasons  0.2889 5.38 0.053692 0.00
Average Household Size -0.4600 -3.36  0.136847 0.001
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4.2 Tests

QUALIDS have only one extra parameter in addition to AIDS, which is the quadratic
term, A. Thus, there exists 6 additional terms for all the commodity groups. Two

models can be compared by looking significance of these terms.

The relevance of demographic variables should be tested as well. These tests can be
done either by Wald Test or by Likelihood Ratio test. The likelihood ratio test is more
troublesome because it requires a separate estimation (restricted) apart from the main

model (unrestricted). However it is easy to make separate estimations in our case.

The Likelihood ratio test is done by comparing the log-likelihood values of restricted

and unrestricted estimations as formulated below (Wooldridge, 2013):

Likelihood Ratio = 2(L,, — L,.) 4.1)

where L., is the log-likelihood value of unrestricted model which is 1916.3392 for
our econometric model. £, is the log-likelihood value of restricted models that we are
testing. The idea of the test is that excluding any parameters from the model does not
increase the log-likelihood value but it may not decrease either. If there is no significant
difference between L, and L., then it means that excluded terms are not improving the

model.

Log-likelihood value of the AIDS model with all demographic variables is 1902.501;
QUALIDS without sacrifice feast dummy is 1872.210; QUAIDS without average house-
hold size value is 1905.083; and QUAIDS without seasonality dummy is 1863.542.%
Table 4.4 shows that all tests are statistically significant.

Table 4.4: Likelihood Ratio Test Results

Restriction Lo 2(Lyr — L) df p-value
Without quadratic term (AIDS) 1902.501 27.6762 6 0.0001
Without sacrifice feast dummy 1872.210 88.258 7 0.0000
Without average household size value  1905.083 22.5124 7 0.0021
Without seasonality dummy 1863.542 105.595 7 0.0000

8Demographic variables have the degree of freedom 7 because of the additional scalar term, p
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4.3 Elasticities

4.3.1 Income elasticity

Table 4.5 refers the income elasticity estimations for commodity groups. All goods
are “Normal Goods”. “Meat and Fish” and “Sugar, jam, honey, chocolate, and con-
fectionary” have very high income elasticity. Interestingly, “Milk, cheese and eggs”

commodity group has very low income elasticity.

Table 4.5: Income Elasticity of Commodity Groups

cGl1 CG2 CG3 CG4 CGs5 cCaGo
0.6662 1.8986 0.2251 0.6267 0.9646 1.6453

Therefore, I make a robustness check by estimating the model for different a, ° values
between 0 and 15. In total, 80 estimations conducted. Table 4.6 shows that mean of the
income elasticity of Commodity group 3 is approximately 0.1605. It ranges between
0.1064 and 0.2474. Also, other parameters do not have too much variance in income

elasticity estimations either.

Table 4.6: Income Elasticity Simulation Results with Specification Trials

CG1 CG2 CG3 CG4 CGS CGo
mean 0.6856 1.8956 0.1605 0.5567 0.9963 1.8652
std 0.0178 0.0657 0.0315 0.0287 0.0269 0.0635
min  0.6236 1.5952 0.1064 0.5357 0.9448 1.6354
25% 0.6711 1.8423 0.1457 0.5423 0.9930 1.8338
50% 0.6901 1.8846 0.1483 0.5453 1.0022 1.8471
75%  0.6975 1.9605 0.1927 0.5567 1.0086 1.8758
max  0.7351 1.9655 0.2474 0.6943 1.1169 2.0356

4.3.2 Price elasticity

Table 4.7 shows the uncompensated price elasticities across the commodity groups '°.
High uncompensated price elasticities may imply that the commodity group is luxury.
So the commodity groups 3, 5, and 6 can be luxury commodities. As expected “Bread
and Cereals” and “Fats and Oil” commodities are less elastic. “Meat and Fish” category

has relatively high own-price elasticity.

%ay is not estimated but is given as an exogenous parameter to make estimation. Its value is given

between 0 and 10 by rule of thumb.
19Bold numbers show own-price elasticities.
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Table 4.7: Uncompensated Price Elasticities

CG1 CG2 CG3 CG4 CG5 CG6
CG1 -0.2992 -0.2601 0.0350 -0.1169 0.0191 -0.0942
CG2 -0.5606 -0.6283 -0.3082 -0.2534 -0.0506 -0.0268
CG3 0.1892 -0.0663 -0.9113 0.0979 0.3599 0.2089
CG4 -0.3941 -0.5263 0.1578 -0.3937 0.0892 0.4538
CG5 -0.0448 0.1314 0.0594 -0.0037 -1.0961 -0.0212
CG6 -0.5707 -0.0723 0.1274 0.2862 -0.3724 -1.3742

Table 4.8 show the compensated price elasticities. Remember the Hicksian demand
(see equation 2.7). The compensated price elasticity holds consumer utility (or real
income) constant. In other words, it is an hypothetical measure unlike the uncom-
pensated price elasticity. Thus, one can make an important inference on demand by
comparing the compensated and uncompensated demand elasticities: The bigger the
difference between them, higher the welfare loss!!. Because, this means consumers
cannot “compensate” the price increases via substitution. “Bread and Cereals”, “Fruit
and Vegetables”, and especially “Meat and Fish” commodity groups have considerable

differences. So, these commodity groups does not have proper substitutes.

Table 4.8: Compensated Price Elasticities

CG1 CG2 CG3 CG4 CG5 CG6
CG1 -0.1366 -0.1239 0.1462 -0.0713  0.2248 -0.0392
CG2 -0.1456 -0.2807 -0.0246 -0.1370 0.4743 0.1137
CG3 0.2168 -0.0432 -0.8924 0.1057 0.3949 0.2183
CG4 -0.2549 -0.4097 0.2529 -0.3546 0.2653  0.5009
CGS5 0.1765 03168 0.2106 0.0584 -0.8161 0.0538
CG6 -0.1222 03035 04339 04121 0.1950 -1.2223

The tax increases eventually yield welfare losses. However there are two points that
can be clarified: (1) Does tax increase yield high tax income, and (2) how much welfare
loss does it cause? If tax increases do not yield high income, then it is an inefficient
action. Because, the new tax policy does not provide revenue by causing welfare loss
for the consumers. The second question matters, because the governments does not

want to cause too much welfare loss.

“Bread and Cereals” category has low uncompensated price elasticity. Thus, increasing
tax rates for “Bread and Cereals” yields high tax incomes. However, it has considerably

lower compensated price elasticity. This means, tax increases cause high welfare losses

"However, one should not forget that we cannot estimate the welfare loss appropriately without esti-
mating supply.

33



for consumers. In other words, tax increase creates high deadweight loss for “Bread
and Cereals”. The difference between compensated and uncompensated price elastic-
ity 1s even higher for “Meat and Fish”. The consumers cannot compensate the price
increases with other commodities, thus meat imports (by decreasing the price levels)
substantially increases welfares of consumers. Tax increases for “Milk, cheese, and
egg” is relatively elastic. So, tax increases does not yield high income. The difference
between uncompensated and compensated is not high, thus tax increases does not in-
crease welfare losses as much as the first two commodity groups. “Oils and Fats™ has
low price elasticity for both uncompensated and compensated price elasticities. Tax
increases yield high incomes and does not cause too much welfare loss. “Fruit and
Vegetables” and “Sugar, jam, honey, chocolate, and confectionary” commodity groups
have relatively high price elasticities with small differences. Thus, high tax rates yield
low income but does not cause too much welfare loss. Because, they are substitutable

for the consumers.
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5. CONCLUSION
5.1 Results

Policies for the “Bread and Cereals” and “Meat and Fish” commodity groups are crucial
for society’s welfare. The government should take actions regarding the decreasing
price levels. Especially, “Meat and Fish has very high income elasticity. The regarding

actions are more important for the low-income people.

The tax increases for the commodity groups 3, 5, and 6 do not yield substantial rev-
enues. Also it might cause high welfare loss (inefficiency) for the suppliers since the

consumers are elastic.

Besides, there could be other parameters for the taxation of the foods. For instance, the
government may want to create incentives for health foods. Therefore, decreasing the

“Meat” prices might be unwise.

5.2 Future Work

For better policy recommendations, supply of the given food commodities should be
estimated. We cannot comprehensively interpret the consequences of the policy deci-
sions. For instance, increasing tax rates for the “Milk, cheese, and eggs” might lead to

bankruptcy of the small firms.

Further methodological researches should be conducted on Machine Learning algo-
rithms. Bajari, Nekipelov, Ryan, & Yang (2015) compared the ML learning algorithms
for demand estimation. However, it should be referred as “prediction” rather than
“estimation”. Because, explained ML algorithms are not integrated with the Microe-
conomics theory and they do not offer interpretable tools to make causal inferences.
However, There are promising econometric studies on ML. Athey, Tibshirani, & Wa-
ger (2016) introduces Generalized Random Forest as an extension to random forests.
This method is used for non-parametric quantile regression, conditional average par-
tial effect estimation, and heterogeneous treatment effect estimation via IV. Wager &
Athey (2017) propose a method to use random forest for identifying heterogeneous

treatment effects like personalized medicine. Chernozhukov et al. (2016) theorized a
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methodology that utilizes ML algorithms in econometric context called Double Ma-
chine Learning. It allows to make inference about treatment effect in the presence of
high-dimensional control variables. Moreover, Chernozhukov, Goldman, Semenova,
& Taddy (2017) used Double Machine learning method to make “demand estimation”

and it can estimate the demand elasticities.
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APPENDIX A

Remember that Inz = Inm — Ina(p). Expanding the equation 2.41:
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