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EDUCATION AND INCOME INEQUALITY IN
TURKEY: NEW EVIDENCE FROM

PANEL DATA

SUMMARY

In this study, income and education inequalities in Turkey are analyzed by
using panel data approach in provincial level between 2008 and 2013. The
differences of income and education inequalities between provinces and regions are
presented. A general picture of Turkey according to these topics is provided.

The Gini index of both income and education is used to measure the
inequalities. The income Gini coefficient is provided from Turkish Statistical
Institute (TURKSTAT) in Nutsl level. It shows that income inequality has a
downward trend for this period in Turkey. The east part of Turkey has higher
income distortions, while Marmara and Black Sea regions have relatively lower
income Gini coefficients. Since the economic activities are located in western
regions of Turkey, it is expected to have lower income Gini coefficient in this side of
the country.

On the other side, the education Gini index is calculated by using the
completed education level macro data obtained from TURKSTAT in 8 levels:
illiterate, literate without diploma, primary school, secondary school, high school,
university degree, master and doctorate. The education Gini is computed in
provincial level from 2008 to 2013. Like income Gini index, the education Gini
coefficient is higher in Eastern and Southeastern Anatolia regions. Some provinces in
these regions have the education Gini coefficients that are higher than 50%. The
proportion of illiterate population is relatively larger in eastern side than the west part
of Turkey. The provinces that have more equal education distribution are generally
located in Marmara and Central Anatolia regions.

The final goal of the thesis is to examine the impact of education inequality
on income inequality in Turkey. To evaluate an econometric analysis, a dataset
including income and education Gini coefficients, per capita value added, labor force
participation ratio, number of students in secondary school, per capita budget
expenditure of local authorities on education and demographic variables is organized
in provincial level. In the econometric analysis, static and dynamic panel data
methods are estimated. All the variables are used in logarithmic form, so that the
coefficients of the variables indicate the elasticity for income Gini coefficient.
Pooled OLS, fixed effects and random effects models are applied in static form.
Since the results indicate the serial correlation between income Gini index and error
term, the analysis continues with dynamic models. OLS, fixed effects, random
effects and first-difference models are estimated. However, there is reverse causality
between income Gini and education Gini coefficients. Therefore, Anderson-Hsiao

Xvii



model is used to control this causality. To control both serial correlation and
endogeneity, Arellano-Bond model is applied. The results of all these methods
indicate that education Gini has a negative impact on income Gini coefficient.
Therefore, it can be said that the results are robust.

Key words: Income Inequality, Education Inequality, Panel Data Analysis
JEL Codes: 015, 124, C33
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TURKIYE’DE EGITiM VE GELIR ESIiTSIiZLIiGi:
PANEL DATA UZERINDEN

YENi BULGULAR

OZET

Bu tezde, Tiirkiye’deki egitim ve gelir esitsizlikleri panel veri kullanilarak il
bazinda analiz edilmistir. Bu analiz, 2008 ve 2013 yillar1 arasin1 kapsamaktadar. iller
ve bolgeler arasindaki gelir ve egitim esitsizligi farklar1 sunulmustur. Tiirkiye’nin bu
konudaki yapisina genel bir bakis saglanmugtir.

Esitsizlik 6l¢iitli olarak egitim ve gelir Gini katsayilar1 kullamilmistir. Gelir
icin Gini katsayis1 Tiirkiye Istatistik Kurumu (TUIK)’den birinci derece IBBS
diizeyinde elde edilebilmektedir. Elde edilen gelir Gini katsayisi, Tirkiye’de gelir
esitsizliginin azalan bir trende sahip oldugunu gostermektedir. Buna gore, tezde
kullanilan donemler i¢inde gelir Gini indeksinin genel olarak her bolge igin azaldig:
goriilmektedir. Bolge bazinda bakilacak olursa, Tiirkiye nin dogu bolgelerinde gelir
dagilimiin daha adaletsiz oldugu, bu boélgelerde gelir esitsizliginin daha yiiksek
oldugu goriilmektedir. Buna kargin, Marmara ve Karadeniz bolgelerinde gorece daha
diisiik gelir Gini katsayist gozlenmektedir. Bu bdolgelerde ekonomik faaliyetlerin
yogunlagmasit burada daha diisiik gelir esitsizliginin goriilmesinin nedenleri arasinda
sayilabilir.

Egitim Gini katsayisi ise yine TUIK den elde edilen bitirilen egitim diizeyi
makro verisi kullanilarak 8 diizey i¢in hesaplanmistir. Hesaplamada kullanilan
diizeyler okuma-yazma bilmeme, okuma-yazma bilme ama diploma sahibi olmama,
ilkokul, ortaokul, lise, liniversite, yiiksek lisans ve doktora olarak belirlenmistir.
Katsayl, 2008 ve 2013 yillar1 arasinda il bazinda hesaplanmistir. Gelir Gini
indeksinde goriildiigii gibi egitim Gini katsayist da Dogu ve Giineydogu Anadolu
bolgelerinde daha yiiksek olarak saptanmistir. Bu bdlgelerdeki bazi illerde egitim
Gini katsayisinin %50’den daha yiiksek oldugu gozlenmistir. Bu bodlgelerde okuma-
yazma bilmeyen niifus oraninin gorece diger bolgelerden daha yiiksek olmasi egitim
esitsizliginin doguda bat1 bdlgelerine gore daha yiiksek ¢ikmasina neden olmaktadir.
Diger yandan, daha diisiik egitim Gini indeksine sahip iller genellikle Marmara ve
Orta Anadolu bolgelerinde yerlesmislerdir. Bu bolgelerde okullasma oranlari, okul
sayilar1 daha yiiksek oldugundan ve 6zellikle tiniversitelerin biiylik ¢ogunlugu bu
bolgelerde (Istanbul ve Ankara gibi) yer aldigindan, bu beklenen bir sonugtur.

Tezin nihai amaci olarak, egitim esitsizliginin gelir esitsizligi lizerine etkisi
analiz edilmistir. Ekonometrik analiz yapmak i¢in, gelir ve egitim Gini katsayilari,
kisi basina diisen katma deger, isgiiciine katilim orani, ortaokula kayitli 6grenci
sayisi, kisi basma diisen merkezi yonetim kiimiilatif biitge giderleri ve demografik
verilerden olusan bir veri seti hazirlanmistir. Ekonometrik analizde statik ve dinamik
modeller uygulanmistir. Biitiin degiskenler logaritmik formda kullanilmistir, bu

XiX



nedenle modellerde yer alan degiskenlerin katsayilar1 elastikiyetleri gostermektedir.
Oncelikle En Kiigiik Kareler, Fixed Effects ve Random Effects metotlar1 statik
formda tahmin edilmistir. Ancak gelir Gini katsayis1 ve hata terimleri arasinda
korelasyon oldugundan dinamik modellere gecilmistir. Bu modeller Nickell
sapmasini kontrol etmek i¢in de daha uygun yontemlerdir. Dinamik modellerden ilk
olarak En Kiigiik Kareler, Fixed effects, Random Effects ve First-difference
modelleri kullanilmistir. Egitim ve gelir Gini indeksleri arasinda ters nedensellikten
stiphelenildigi i¢in, bu durumu kontrol altina almak adina Anderson-Hsiao modeli
uygulanmistir. Hem gelir Gini indeksi ile hata terimleri arasinda korelasyonu hem de
endojeniteyi géz oniinde bulundurdugundan son olarak Arellano-Bond model tahmin
edilmistir. Tahmin edilen biitiin yontemler, gelir Gini indeksi ile egitim Gini indeksi
arasinda negatif etki oldugu sonucunu gostermislerdir. Bu nedenle elde edilen
sonuglarin robust (berk) oldugu goriilmiis olur.

Anahtar Kelimeler: Gelir Esitsizligi, Egitim Esitsizligi, Panel Veri Analizi

XX



1. INTRODUCTION

1.1. The Aim of Thesis

In this thesis, a general view of income and education inequality in Turkey is
presented and education Gini coefficient is calculated to measure inequality for each
provinces. The main purpose of this study is to determine the impact of educational
inequality on income distribution at provincial level in Turkey for the period between
2008 and 2013.

1.2. The Importance of Thesis and Its Method

Education is a widely-studied subject in economics literature. Its key role in
the economic and social development processes of societies, as a crucial ingredient
of growth dynamic through its effect on human capital level of a country, establish it
to be a very important topic in the literature.

It is not only its direct effect on the economic development and growth but
also indirect spillover effect of it on social welfare makes the analysis of education
(educational inequality, especially) very important for all the countries. Education
makes people more active in social life and enhances the quality of their life. From
an economic perspective, increase in education level provides people to have better
skills. Thus, labor force becomes better trained and productive. More skilled and
productive labor force induces improvements in human capital accumulation and
creates a significant impact on economic growth. The study of Lopez, Thomas and
Wang (1998) present the positive effect of the stock of human capital on the
economic growth for 12 countries between 1970 and 1994. Moreover, the
contributions of division of higher education to economic growth are searched for the
period between 1965 and 2000 for Taiwan. Engineering/science, business/social
science and agricultural sciences have a positive and significant effect on economic
development. One additional year in education provides approximately 19% increase
in real output (Lin, 2004).



The rise of the education level is one of the most important factors of
economic development and reduction of poverty. If the education level of a
population increases, this would affect the earnings of the labor force. The higher
earnings directly reduce the number of people under the poverty line. The
conclusions of the research that search for the impact of education on poverty
reduction in Pakistan imply the negative relationship between higher education and
poverty. This study also shows that the increase in the educational achievement
reduces the possibility of people being poor (Awan et al., 2011).

As well as the level of education, the distribution of education has an
emphasis in economics. While the distortions of education dispersion have a negative
impact on economy, they also cause huge gaps socially between and within societies.
A higher level of educational inequality induces the economic growth negatively and
gives rise to poverty. Castello and Domenech (2002) suggest a linkage between
human capital inequality and economic growth. They explain the negative
relationship between human capital inequality which is measured by education Gini,
and economic development by the association of higher education inequality with
lower investment rates and as a consequence, lower economic growth.

Despite the unfavorable effect of education inequality on per capita income or
income growth, its impact on income inequality is not stated clearly in the literature.
Economics literature presents both negative and positive relationship between
income inequality and education inequality. A cross-country analysis for 59 countries
suggests that larger dispersion of education of labor force brings greater income
inequality (Park, 1996). The other study that shows the positive effect of education
inequality on income distribution is Gregorio and Lee (2002)’s research of panel data
from 1965 to 1990. This study indicates that decrease in educational dispersion by
one standard deviation reduces the income inequality. These are the examples that
represent the education inequality with standard deviation of years of schooling.

On the other hand, the studies that measure the education inequality with
education Gini index imply negative relationship between education inequality and
income inequality. Checchi (2001)’s research is one of them with U-shaped
relationship between income Gini and education Gini coefficients for 94 countries.
Fo6ldvari and Van Leeuwen (2014) also find out the negative and U-shaped effect of

education Gini index on income Gini.



In this concept, this thesis is prepared to analyze the income and education
inequality of Turkey. Calculation of education Gini index is indicated and education
Gini is constructed for each provinces. A panel data analysis is preferred to find out
the impact of education inequality on income distribution in Turkey in provincial
level. Through this analysis, the thesis aims to answer that how the unclear results
that are stated in economics literature conclude in Turkey. The data between 2008
and 2013 is used in the thesis. Static and dynamic panel data estimation methods are
applied in the econometric analysis part. All the variables are converted to
logarithmic form to make the interpretation easier, so that the coefficients of
variables indicate the elasticity. Pooled OLS, fixed effects and random effects
models are estimated in static form. Since the income Gini coefficient and error term
have serial correlation, dynamic models are used to control this characteristic. In
dynamic model part, OLS, fixed effects, random effects and first-difference methods
are applied. It is suspected to become reverse causality between education and
income Gini coefficients. Therefore Anderson-Hsiao and Arellano-Bond models are
included to control for this causality and serial correlation. All these models show the
negative effect of education Gini coefficient on income Gini. According to results of
econometric analysis that are prepared by using static and dynamic models, it is
discussed about the policies that should be applied in Turkey and policy implications

about education are presented.

1.3. The Structure of Thesis

Section 2 introduces the concept of income inequality and educational
inequality and presents the general picture of these two concepts regarding Turkey
through descriptive statistics. Basic assumptions, definitions and explanations about
these inequalities are presented in this section. Measurement technics of both income
and educational inequality are shown and calculation methods are indicated in detail.
Literature review about the relationship between educational inequality and income
distribution, inequality calculation and econometric methods is located at the end of
this section.

Section 3 describes the data and the methodology in detail. Econometric
models used for the regression analysis and theoretical background of the models are

explained in this section. The sources and the calculation of inequality coefficients



are presented and the changing process of these inequality coefficients is shown by
figures and tables year by year.

Section 4 presents the findings of econometric analysis of the thesis. The
results of the model are analyzed and the question of how much impact has the
educational inequality on income distribution is answered through the regression
outcomes.

Section 5 concludes the thesis where the findings of the econometrical
analysis evaluated in sum. By considering the inferences of econometric analysis, the
necessities of improvement of educational inequality are discussed and some policy

suggestions are provided.



2. INCOME AND EDUCATION INEQUALITY

2.1. Income Inequality

2.1.1. Income inequality

Income inequality is the most significant evidence of distinction in life
standards within each country. It can be defined as differences in income for the
whole population or the distortions in income distribution in a country (Litchfield,
1999).

High income inequality may be caused by many reasons but the most
important one is changes in labor force participation decision. Directing human
capital into the labor force with an efficient way has the most equalizing effect on
income distribution and it can prevent the waste of human resources. The problem of
low-paid and low-skilled worker would be diminished with an effective guidance.
Besides the problem of effective dispersion of human capital, inequality in earnings
and wages are other factors that increase the income inequality and worsen the
economic development of a country. According to fluctuations in the earnings of
individuals, the income of the household changes and income inequality across the
country increases (Duman, 2008 and OECD, 2014).

2.1.1.1. Income inequality in Turkey

Turkey is one of the countries that have relatively higher income inequality.
Although it seems a chronic problem of Turkey’s economy, income inequality starts
to decrease recently.

There are many different ways to measure income inequality. The share of
income quintiles is the one of them that is calculated and published by World Bank
(WB) for most of the countries. The income share of bottom quintile is given in the
Figure 2.1 for some countries. As it can be seen from the figure that Turkey, shown
with the thick black line, has an upward trend. This means that population at the



bottom income share gets larger proportion from total income and it can be thought
as evidence that shows the decrease of income inequality. However, Turkey is far
behind even from developing countries with its relatively lower income share of
bottom quintile. Even if it has higher values than Latin American countries, the
proportion is still lower and the inequality is still larger than most of the developing
countries such as Georgia, Romania, Belarus.

The increase in the income of bottom quintile is resulted with a decrease in
the share of top quintile. The Figure 2.2 that is prepared with the share of top quintile
data of some countries obtained from WB shows that Turkey has a downward trend
until 2008. After the global crisis, the income share of top quintiles fluctuates with
minor changes. In contrast to bottom quintile, the higher income share of top quintile
indicates higher income inequality. Thus, Turkey has still larger distortions in the
income distribution. Most of the developing countries have relatively lower income
shares of top quintile and as a result lower income inequality than Turkey.
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Figure 2.1: The income share of bottom quintile for some countries
Source: World Bank, Development Research Group
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Figure 2.2: The income share of top quintile for some countries
Source: World Bank, Development Research Group

The upward trend in the income share of bottom quintile and the decrease in
the share of top quintile are the evidences of improvements in income distribution of
Turkey. However, Turkey has still relatively higher income inequality compared to
most of OECD countries and developing economies (OECD Factbook, 2014). Recent
researches and statistics show that Turkey is third country in the rankings of unequal
income distributions after Chile and Mexico in 2011 (Selim, Giingavdi and Bayar,
2014). This means there is still a lot to do to equalize the income distribution of

Turkey.

2.1.2. Income Gini coefficient

Besides the distribution of income by quintiles, the most common inequality
measurement is Gini coefficient recently. The Gini index is originally developed by
the Italian statistician Corrado Gini (1912). It provides the opportunity to compare
income inequality levels of different units easily, since it indicates the inequality
levels with a real number (Selim et al, 2014).

The Gini index is mainly based on the comparisons of cumulative percentages

of the population against cumulative percentages of their income. It ranges between 0



and 1. The Gini index is 0 where all the households have equal incomes and 1 where
one person has all the income and the others have nothing (OECD, 2014).

The income Gini indexes of some countries are shown in the Figure 2.3
below. The indexes are obtained from WB database. Turkey has again relatively
worse view of income distribution when it is compared with the other developing
countries. Although it has generally a downward trend until 2008, the global crisis

affects the decrease of income inequality of Turkey and it starts to increase.
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Figure 2.3: The income Gini coefficients of some countries
Source: World Bank, Research Development Group

Income Gini coefficient can be calculated by two different methods: the direct
method and the indirect method. These methods will be introduced in two

subsections below.

2.1.2.1. The direct method of Gini calculation

The direct method presents a mathematical approach to the Gini coefficient
calculation. It is defined as “the ratio to the mean of half of the average over all pairs
of the absolute deviations between people” (Deaton, 1997).

The formula used for the calculation of Gini index in the direct method is

given below:



1
G= uN(N—1)2i>j 2jlyi = vl (2.1)

where G is the Gini coefficient, p is the mean of income, N is the total number of

observations and y; and y; are the incomes of the individuals (Thomas et al., 2000).

2.1.2.2. The indirect method of Gini calculation

In the indirect method of Gini calculation, firstly the Lorenz curve is
constructed using cumulative proportion of income on the vertical axis and the
cumulative proportion of population on the horizontal axis. A forty-five degree line
which presents the perfect equality of income distribution is drawn as egalitarian
line.

The Gini coefficient is defined as the ratio of the area between Lorenz Curve
and the egalitarian line to the area of egalitarian triangle. The Lorenz Curve is shown
in Figure 2.4 below (Thomas, Wang and Fan, 2000).

_ Area of A (between egaliterian line and Lorenz Curve)
B Area of OWQ (Egaliterian triangle)

(2.2)

100 > w

/” Lorenz Curve

Cumulative proportion of income (%)

0 . Q
Op 50 100

Cumulative proportion of population (%)

Figure 2.4: The Lorenz Curve
Source: Thomas, Wang and Fan (2001)



2.2. Educational Inequality

2.2.1. Educational inequality

Education has a key role with its contributions to development process of
human capital and economic growth in economics literature. But the unequal
opportunities for schooling causes distortions in the distribution of education and
recent studies show that education inequality is a great deal in most of the developing
countries, especially with its direct effect on human capital and income growth
(Castello and Domenech, 2002 and Lopez et al., 1998).

Standard deviation of schooling is extensively preferred measurement of
education inequality (Park, 1996, Gregorio and Lee, 2002). But it determines the
education distribution in absolute terms. For relative measurement of education
inequality, a relatively new indicator, developed by evaluating income Gini concept,

education Gini should be preferred.

2.2.1.1. Education inequality in Turkey

Turkey is one of the developing country suffers from higher education
inequality problem. This means that Turkey cannot use its whole capacity of human
capital accumulation. Redistribution of education opportunities is necessary to
remove idle capacity problem of Turkey.

Average years of schooling data of some countries obtained from United
Nations Development Programme (UNDP) which is one of the data that is used for
education Gini calculation to present general view of Turkey and its status in the
world. Since the orginal database shows the same average years of schooling value
for the countries after 2010, cross section analysis of values is shown in the Figure
2.5 for only 2010. While most of the developed countries such as United States,
Switzerland, Japan and Finland have very high average years of schooling with more
than 10 years, Turkey has relatively lower value, 7,8. This result shows how
insufficient is the education level of Turkey. In this sense, the Gini index which is
calculated with average years of schooling data is expected to be higher in Turkey

and the other countries which have lower average years of schooling values.
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Figure 2.5: Average years of schooling of some countries
Source: UNESCO Institute for Statistics

2.2.2. Educational Gini coefficient

Education Gini index is the most commonly used inequality measurement
recently. It is mainly evaluated from income Gini concept. It ranges from O which
shows the perfect equality to 1 that means perfect inequality.

Education Gini coefficient can be calculated using different kinds of data
according to availability of data types. Although average years of schooling is the
most commonly used data to compute education Gini index, attainment level of
schooling and number of years of schooling data are also appropriate for Gini
calculation. Because of the lack of proper data in Turkey, completed level of
education over aged 15 macro data obtained from TURKSTAT is chosen to be
convenient for application of Gini index (Foldvari and Leeuwen, 2014, Thomas et
al., 2000 and Checchi, 2001).

Similarly, the calculation methods of income Gini can be applied to education
Gini index, but the main way preferred in this thesis is based on the Thomas et al.
(2000)’s calculations.
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The education Gini formula used in this thesis is given in the following:

i—

Gg = (%) i z pilvi — vilp; (2.3)

=2 j=1

where Gg is the education Gini coefficient based on completed levels of education
aged over 15 data, u is the average years of schooling for the concerned population,
p; and p; are proportions of population with certain level of education, y; and y; are
the years of schooling at different completed levels of education and n is the number
of levels in data.

The number of levels can change according to available data types but it is
generally preferred in 4 levels in economics literature: no-schooling, primary,
secondary and higher education (Foldvari and Leewen, 2014, Castello and
Domenech, 2002 and Checchi, 2001). But in this thesis, 8 levels of education are
preferred to make use of the available data which includes all levels separately. The
levels are illiterate, literate without diploma, primary school (5 years), secondary
school (8 years), high school, university degree, master and doctorate.

2.3. Literature Review

In this part of the thesis, the previous studies in the economics literature
related to inequality measurements and the analysis of the relationship between
education inequality and income inequality will be introduced. The impact of
education inequality on income distribution will be presented from perspective of
economics literature. The literature background of the method used in econometric
analysis part of the thesis will be represented.

The measurement of inequality has different methods in the economics
literature. While Gregorio and Lee (2002) use the standard deviation of the education
distribution among those over 15 years of age to measure educational inequality,
Park (1996) prefers the relative dispersion of educational attainment. However, the
educational Gini is the most commonly used coefficient in recent studies (Checchi,
2001, Castello and Domenech, 2002 and Foéldvari and Leeuwen, 2014). An
educational Gini is evaluated from the income Gini concept and calculated with
different kinds of data such as average years of schooling, attainment level of
schooling or years of schooling according to availability. For Turkey, education Gini
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coefficient is generally calculated by using completed education levels data (Yanik,
2004, Giingor, 2010 and Tomul, 2011) . The educational Gini is the most convenient
coefficient used in recent economics literature because it is very easy to evaluate and
it reflects inequality in a strong way using levels of education.

The relationship between education and income is widely-studied area in
economics literature especially after realization of significant effect of human capital
on output and income. Lopez, Thomas and Wang (1998) search for the effect of
human capital on GDP growth for 12 countries between 1970 and 1994 and they
consider average schooling as human capital. The results show that under free market
conditions, an increase in the human capital stock promotes the growth but in closed
or semi-closed economies, the impact of average schooling is zero or barely
significant. Castello and Domenech (2002) try to explain this effect of education on
income with using the human capital Gini which is calculated with schooling years
aged over 15 and growth of per capita income for 108 countries over five-year
intervals from 1960 to 2000. This paper proves that human capital inequality has a
negative effect on economic growth rates as expected and it decreases the
acceleration of growth of economies.

O’Neill (1995) handles the relationship between education and income from a
different aspect. He especially focuses on the impact of convergence in education
levels on income inequality with lagged version of school enrollment ratios and as
alternative average years of schooling as a measurement of human capital. The paper
shows that in Europe and developed countries, convergence in education levels leads
a decrease in income inequality. But the same pattern does not emerge for world as a
whole. The results imply that industrialized countries keep ahead of less developed
countries and the whole world. On the other side, like converting income Gini into
educational Gini, Thomas, Wang and Fan (2000) also convert Kuznets Curve into the
Education Kuznets Curve. The relationship between standard deviation of schooling
and average years of schooling is searched and an inverse U-shape is obtained.

Apart from the article of Thomas, et al, Kuznets Curve is applied in different
concepts with different data in recent studies. A different approach to Kuznets Curve
is to add educational inequality measures to the income Kuznets Curve. Park (1996)
does this analysis for 59 countries with cross-section data. Income Kuznets Curve is
constructed with income Gini and relative dispersion of educational attainment is

added to the analysis as an educational inequality measure. The results show that the
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analysis with educational variables suffers from lack of robustness. The inverse U-
shape is obtained when only income variables are used, but when education variables
are added, it is not valid anymore. But the important parts of the results are higher
level of education attainment which is measured by average years of schooling
results with more equally distributed income distribution and income inequality gets
greater when the dispersion of education attainment becomes larger among labor
force.

The main purpose of the thesis is to look at the relationship between income
inequality and education inequality which is another way of explaining the impact of
education on income. Different forms of analysis are done to display this effect with
Gini coefficients of both income and education. Gregorio and Lee (2002) examine
the relationship between income distribution and education inequality with income
Gini and standard deviation of educational distribution over 15 data as inequality
measurements and they also add educational attainment data to see the effect on the
income inequality. A panel data analysis with data for large range of countries from
1965 to 1990 shows that the higher education attainment leads to more equal income
distribution and it lowers the income Gini coefficient. In addition, reduction in
educational dispersion by one standard deviation decreases income inequality by
0.02. This means education inequality is positively correlated with income Gini
index like Park’s (1996) results which is computed with the dispersion of education
attainment data as inequality measurement.

On the other hand, Foldvari and Leeuwen (2014) do this analysis for a large
period of time between 1870 and 2000. A Kuznet-type relationship is constructed
with using only Gini coefficients and unexpected results are obtained. The data is
separated into two categories as before 1950 and after 1950 and the categories are
analyzed one by one. The results of two categories are very different from each
other. Before 1950, there is a positive relationship between educational Gini and
income Gini coefficients and inverted U-curve is obtained. After 1950, the
relationship changes into normal U-curve and the results show a negative
relationship between two Gini variables. This change in the direction is explained as
a result of increased skill premium caused by an increase demand for skill after
1950s.

Different combinations of analysis done using inequality measurements are

searched to determine the relationship between education and income. Similar to the
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articles of Foldvari and Leeuwen (2014) and Gregorio and Lee (2002), the
correlation between the distribution of education and the distribution of incomes is
searched in Checchi’s article with education Gini index (2001). The panel data
analysis is constructed on the educational and income Gini coefficients of 94
countries calculated from 1960 to 1995. The article concludes that education
inequality is negatively correlated with income inequality. An increase in the
education inequality causes a decrease in income inequality and results with a more
equally distributed income distribution. Furthermore, the analysis indicates that there
is a U-shaped relationship between income inequality and average years of schooling
with a turning point at 6.5 years. An average increase in education by one year in the
population reduces the income Gini by more than 1 point.

Turkish literature about education inequality has relatively recent studies.
Education inequality is generally measured by using education Gini coefficient and
analyzed in the regional level. These researches show that east part of the country has
more unequal education distribution, while western regions have lower education
distortions. On the other side, gender differences in education inequality is another
major problem that becomes one of the main research subject in the literature. The
results of the studies indicates that there is a huge gap between female and male
education inequalities. The average years of schooling is relatively much lower for
female than male, especially in eastern regions of Turkey. In contrast, the results of
analysis present higher education inequality for this group (Yanik, 2004 and Tomul,
2011).

Yanik-ilhan and Aydmer-Avsar (2013) analyze the education inequality
among working age population (aged 15-64) in Turkey with a birth-cohort analysis
for the period between 1988 and 2011. They use the Household Labor Force Survey
for cohort analysis and calculated average years of schooling and education Gini
coefficient in provincial level for this period. The results show the huge gap between
female and male education inequality and average years of schooling in Turkey.
Male population has higher education attainment and lower education inequality than
female in the working age population. The cohort analysis results indicate that
education inequality is lower for younger birth cohorts for all age groups. The
inequality gap between younger and older cohorts is not large for men, contrary to

this, it gets higher for women.
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The relationship between human capital inequality which is defined as
education inequality and measured with education Gini coefficient and economic
growth is analyzed for the provinces of Turkey for the period between 1975 and
2000. The completed schooling level data obtained from Census of Population is
used for the calculation of education Gini coefficient. The econometric results
implies the negative effect of education inequality on economic growth in the
provinces with lower education Gini indexes. However, in the provinces that has
more equal education distribution, education inequality has positive impact on output
growth. This shows the U-shaped relationship between these two variables (Giingor,
2010).

The econometric methods which are suitable for the dataset used in this thesis
are searched in the econometrics literature. Since the dataset is small panel with 6
years and has reverse causality and endogeneity problem, dynamic panel methods are
thought to be applicable. An earlier study about the estimation of dynamic model is
published by Arellano and Bond (1991). They estimated a dynamic model with both
generated and real panel data by GMM. The dataset contains a sample of United
Kingdom companies. 140 manufacturing firms’ unbalanced panel data for the time
period between 1979 and 1884 is analyzed and a model for employment is applied.
The empirical results imply that GMM estimators have a smaller downward bias than
OLS and within-group estimations in Monte Carlo simulation which is applied for
100 units, 7 time-periods and 2 parameters. The variances of GMM estimators are
also smaller. In the employment model, GMM estimation suited well than the other
estimation models. The only problem of the estimation technic is downward bias of
the standard errors that is observed in both Monte Carlo simulation and employment
model.

Blundell and Bond (1998) studied on the efficient initial conditions and
moment restrictions of dynamic models by constructing a Monte Carlo study with
1000 Monte Carlo replications. They used the same dataset with Arellano and Bond
(1991). The results of Monte Carlo simulation indicate great downward bias and
imprecise estimates for first-differences generalized method of moments (GMM).
But the system GMM estimates have smaller bias and improved sensitivity. In
addition, the coefficient of lagged dependent variable is also estimated higher with
system GMM method than that with first-differenced GMM. Since the variances of
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system GMM estimators are lower in this simulation, the article concludes that
system GMM estimators are more efficient than non-linear GMM estimators.

Another research from Blundell and Bond (2000) works on the estimation of
a Cobb-Douglas production function using panel data for 8 years period. The data of
509 US manufacturing firms which invest Research and Development departments is
collected for this study. The system GMM generates higher valued and better
determined estimators of dependent variable than first-differenced GMM. Also
system GMM accepts additional instruments as valid and illuminating variables. In
this concept, system GMM is more appropriate for applications of dynamic models.

An empirical study that searches for the reasons of difference between R&D
decisions of German and British firms by applying both static and dynamic models
for each country. More than 200 R&D performing firms’ data from both Germany
and United Kingdom for the time period between 1987 and 1996 is used in this
research (Bond, Harhoff and Van Reenen, 2003). In contrast to OLS, within group
estimation and first-differenced GMM methods, the system GMM fits well with the
specification of the Cobb-Douglas production function containing R&D expenditures
as third input in addition to labor and capital.

Windmeijer (2005) searched for the solution for the download bias of the
standard errors of two-step GMM estimators. A Monte Carlo simulation is created
with 10000 replications by applying two different time periods, T=4 and T=8. In this
concept, the coefficients of lagged dependent variables are estimated %50 larger with
system GMM than differenced GMM. This means that system GMM estimator fixes
the downward bias of the differenced GMM estimator by using more instruments
which improves the efficiency of model. Also, the standard errors of system GMM
estimators seems smaller than differenced GMM model estimators, this proves that

system GMM estimators have higher efficiency.
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3. DATA AND METHODOLOGY

3.1. Data

In this section, the data employed in the thesis will be introduced. Descriptive
features of the data will be explained using tables and figures together with the
sources and the measurement technics.

A panel dataset including income Gini and education Gini indexes, per capita
value added, labor force participation ratio, number of students in secondary school,
population, total budget expenditure of public authorities on education and some
demographic variables such as male population ratio, crude divorce rate, number of
births, crude marriage rate and crude suicide rate, will be used in the thesis. Tables
A.1 to A.6 in the Appendix A provides the descriptive statistics for each variable.
While income Gini index is in Nutsl level and per capita value added data is in
Nuts2 level, the other variables are in provincial level. The data which are in Nutsl
or Nuts2 level are expanded to provincial level by considering the region the
provinces belong to.* The dataset contains yearly macro data between 2008 and 2013
and there are officially 81 provinces in that period of time in Turkey.

The income Gini is the first inequality measurement to introduce. It is
calculated by Turkish Statistical Institute (TURKSTAT) in Nutsl level (12 regions).
The income Gini macro data between 2008 and 2013 is used in this thesis. Since the
other data used in model is in provincial level, income Gini data is expanded to
provincial level by using the same Gini value for the provinces that belong to the
region categorized in Nutsl level.

When the descriptive statistics of income Gini coefficient given below in the

Table 3.1 is analyzed, it can be seen that income Gini tends to decrease year by year.

! Extension from Nuts levels to provincial level is done by considering the regions that provinces
belong to. Each province has the same Gini value as the other provinces which they categorized in the
same region with. For example, if the West Marmara region in Nuts1 level has 0.337 income Gini
value, all the provinces located in this region such as Tekirdag, Edirne, Kirklareli, Balikesir,
Canakkale, are thought to have the same value, 0.337.The same process is applied to the provinces in
the Nuts2 level.
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While North East Anatolia region has the highest income Gini value, 0.436, in 2008,
Mediterranean region has relatively lower but still the highest value, 0.399, in 2013.
It is difficult to say which exact region has more unequal income distribution from
the Figure 3.1, but Mediterranean and East Anatolia regions have the greater income
inequality levels in general. However, the most important part of the statistics is that
although the average income Gini has a downward trend, there is an increase in the
average value of it in 2009. This increase may be the result of 2008 economic crisis
which affected the whole world’s economy.

Income Gini index is generally high in the east part of the Turkey. East
Anatolian regions’ income distribution has larger distortions than Marmara and
Black Sea regions. Central Anatolia fluctuates on the average board. The average
Gini index of Turkey which is bold black line seems relatively higher. This may be
caused by the effect of Marmara region which is more populated region than others.
Selim et al’s (2014) report also claims that Istanbul has the highest welfare level
between 2005 and 2010. This explains why it is the most significant migration-
receiving region in Turkey. The earlier study of Baslevent and Dayioglu (2005) also
mentions the within-region decline of income inequality in Istanbul between 1994
and 2003. But the Figure 3.1 shows the increase of income Gini of Istanbul after
2009.

Table 3.1: Descriptive statistics of income Gini coefficient by year

Income Gini  Observation Mean  Standard Dev Min Max
2008 81 0,376 0,030 0,331 0,436
2009 81 0,390 0,019 0,359 0,415
2010 81 0,375 0,028 0,327 0,417
2011 81 0,373 0,033 0,326 0,427
2012 81 0,366 0,026 0,309 0,407
2013 81 0,359 0,029 0,315 0,399

Source: TURKSTAT Income and Living Conditions Survey
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Figure 3.1: Income Gini of Nutsl level from 2006 to 2013
Source: TURKSTAT Income and Living Conditions Survey

As a measurement of inequality in education, educational Gini coefficient is
calculated. Different data types are used for calculation of educational Gini in
economics literature. While Foldvari and Leeuwen (2014), Castello and Domenech
(2002) and Checchi (2001) used average years of schooling data in 4 levels of
education (namely; no-schooling, primary, secondary and higher education), Thomas
et al. (2000) prefer attainment level of schooling data in 7 levels, no-schooling,
partial primary, complete primary, partial secondary, complete secondary, partial
tertiary and complete tertiary education for Gini calculation. Moreover, Castello and
Domenech (2002) use the data of population aged over 15. For Turkey, Yanik-ilhan
(2004) calculated education Gini coefficient by using Census of Population data in 6
levels for 1975, 1980, 1985, 1990 and 2000 in provincial level. Another research is
calculated education Gini coefficient by using Census of Population data for
individuals aged over 25 for the period between 1975 and 2000 in provincial level
(Tomul, 2011). In this study, education Gini index is calculated for female and male
seperately and gender differences in education inequality are analyzed. The
education levels that are preferred in calculation are illeterate, literate without
diploma, primary school, secondary school, high school and university degree.

Because of the difficulties in finding data, educational Gini coefficient used in this
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thesis is computed using completed education levels for population aged over 15.
Data is again obtained from TURKSTAT for the periods between 2008 and 2013.

The calculation of educational Gini is based on the calculation method of

Thomas et al (2000). The formula for the calculation is given below:
1 1
Gp = (E) 2 Xt [y — vl p) (3.1)

where Gg is the Educational Gini, u is the average years of schooling for the
concerned population, p; and p; stand for the proportions of population with given
levels of schooling, y; and y; are the years of schooling at different education levels,

n is the number of levels/categories in schooling data. In this thesis, the number of
levels in education is provided in 8 categories based on the data obtained from
TURKSTAT. Those levels are illiterate, literate without diploma, primary school (5
years), secondary school (8 years), high school, university degree, master and
doctorate.

Descriptive statistics of educational Gini coefficients for each region is
provided in Table 3.2 below. As it can be seen from the table educational Gini has a
downward trend between 2008 and 2013. The average of educational Gini for the
period of analysis is 0.334. The downward trend of the educational Gini can also be
understood by looking at the average values for each year. While the average
educational Gini value is 0.367 in 2008, it decreases to 0.312 in 2013. However, as it
can be seen from the Figure 3.2, some provinces generally located in Eastern and
Southeastern Anatolia regions like Van, Sanlurfa, Siirt, Mus, Diyarbakir, Agr1 have
very high Gini value for education. In 2008, Sirnak has the highest Gini coefficient
with its 0.536 value. On the other hand, in 2013, Agr1 gets the highest value, 0.4114.
Furthermore, the lowest values of educational Gini generally belong to provinces in
Marmara and relatively Central Anatolian regions such as Ankara, Bilecik, Bursa,
Eskisehir, Kirklareli, Konya, Sakarya, Yalova. In 2008, Eskisehir has the most
equally distributed education distribution with the lowest Gini value 0.288. But
Ankara, the capital city of Turkey, has the lowest educational Gini value in 2013.
When Istanbul, the most populated city in Turkey, is analyzed, the educational Gini
of it seems relatively lower than the average value of the country with its average
value of 6 years, being 0.286. Even, in 2013, it has one of the lowest values, 0.273.
These results are in line with Tomul (2011)’s findings for the period between 1975
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and 2000. The article finds out that western regions of Turkey (Istanbul, Ankara,

Izmir,

Bursa) have the lowest education inequality in contrast to eastern regions

(Mardin, Sanlurfa, Agri, Van, Gaziantep) in these years.

Table 3.2: Descriptive statistics of educational Gini by year

Education Gini Obs Mean Std. Dev. Min Max

2008 81 0,367 0,064 0,288 0,536
2009 81 0,359 0,058 0,287 0,511
2010 81 0,332 0,045 0,270 0,447
2011 81 0,320 0,039 0,265 0,420
2012 81 0,314 0,037 0,262 0,413
2013 81 0,313 0,036 0,261 0,411

Source: Author’s calculation based on ABPRS data
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Figure 3.2: Educational Gini of some provinces between 2008 and 2013
Source: Author’s calculation based on ABPRS data

Although per capita income is one of the most significant data used in the

literature such as Park (1996), Gregorio and Lee (2002) and Checchi (2001); in this
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thesis, per capita value added data is used as a proxy instead of per capita GDP,
because per capita GDP is not available at any statistics center in Turkey. However,
per capita value added is only available for the years from 2008 to 2011 from
TURKSTAT. Therefore, the data of 2012 and 2013 are not included in the dataset.
Per capita value added is measured in million TL and the sectorial discrimination is
not included in data. Thus, it only shows the total per capita value added in all of the
sectors. The original value added data is in Nuts2 level (26 regions). For that reason
the data is expanded to provincial level by using the value for the provinces

depending on the Nuts2 region they belong to.

Labor force participation ratio is another variable which is thought to effect
income (see Lopez, Thomas and Wang, (1998) and O’Neill, (1995) among others)
and; therefore, it is included in the data assuming that it has an impact on income
Gini as well. The data for this variable is in provincial level for the period of interest
and it is provided in percentages in the TURKSTAT’s website.

While Castello and Domenech (2002) add the initial total years of schooling
of population over 15 to their dataset, Park (1996) and Gregorio and Lee (2002)
choose the educational attainment values for analyzing the effect of educational
attainment on income Gini. By following the literature given above, number of
students in secondary school is added to dataset in provincial level.?

Social expenditure is another significant issue that can affect income
inequality. Income distribution seems more equally distributed in regions where
social expenditure of government is larger (Gregorio and Lee, 2002). Instead of
social expenditure, budget expenditure of local authorities on education is added to
the dataset. It is measured in thousand TL and this data is obtained from Ministry of
Finance, General Directorate of Public Accounts from 2008 to 2013. Per capita
budget expenditure is preferred to remove collinearity problem between population
and budget expenditure.

2 Although investment share in GDP is a very important data that must be included into the dataset
because of its great effect on both income and inequality, finding any data about investment or even a
proxy for investment is very difficult in Turkey (O’Neill, 1995, Castello and Domenech, 2002).
Because of this difficulty, it is not added to the dataset.

24



Some demographic variables of provinces such as male population ratio,
crude divorce rate, number of births, crude marriage rate and crude suicide rate are
included in the dataset in provincial level to avoid the omitted variable bias as much
as possible in addition to control for some province specific factors other than those
that will be captured by province level fixed effects. All of these data are from
TURKSTAT from 2008 to 2013 at province level.

3.2. Model

In this section, the econometric model that is chosen according to the features
of dataset introduced above is explained. The reasons that are considered when
deciding to apply the model are explained.

The analysis is mainly constructed to find the impact of education inequality
on income distribution. Higher education attainment and income are two different
concepts which actually affect each other (Bils and Klenow, 2000). Higher education
attainment is directly related with education inequality, because if the education
attainment gets higher, this would have an equalizing effect on education
distribution. Therefore, it can be inferred that education inequality and income
inequality also affect each other. This means there is a reverse causality between
dependent variable, income Gini index, and explanatory variable, education Gini.

The reverse causality of education and income inequality measurements
creates simultaneity problem in the model. Simultaneity causes the violation of the
assumption that a variable must be uncorrelated with error term in a statistical model,
zero conditional mean assumption and the variable violates this assumption is called
endogenous variable. In this sense, specification an instrument variable that is
uncorrelated with error term but highly correlated with endogenous explanatory
variable is the best way to get rid of simultaneity problem (Baum, 2006).

The dataset consists of panel data for 6 years, so that it is called short panel.
The applied method should consider the short panel feature of the data. As a result,
all these characteristics of the panel dataset are analyzed and the econometric models
that are applied in the thesis are chosen to cover these features step by step.

The empirical analysis starts with basic static models of panel data methods.
Pooled OLS and modified for yearly and regional fixed effects OLS are the simplest

models. Then fixed effects and random effects models in static form are applied to

25



the dataset. To control the serial correlation between dependent variable and error
terms, the analysis is continued by using dynamic models. Dynamic OLS, fixed
effects, and first-difference methods are estimated. Since there is a reverse causality
between income and education Gini indexes, Anderson-Hsiao and Arellano-Bond
models are preferred as the most appropriate methods to eliminate simultaneity and
serial correlation problems of the data.

3.2.1. Static models
3.2.1.1. Pooled OLS

This part of the analysis begins with a basic model which ignores the panel
structure of the data. Each observation is thought as a cross section data and applied
the OLS method. The pooled OLS panel data regression is:

Yie = BXie + Uy (3.2)
where t=1,...,T and I=1,...,N.

A pooled regression assumes that there exists neither a correlation across
individuals, nor across time periods for any individual. So that, this would ignore the
individual effect which generates correlation between error terms for each individual
i. Another assumption of the method is that errors are homoscedastic.

Pooled regression does not make the best use of the data. Therefore, under
appropriate conditions that error term is uncorrelated with regressors, pooled
estimation gives unbiased but inefficient results. However, if error term is correlated

with independent variables, the results are also biased (Johnston and Dinardo, 1997).
3.2.1.2. Fixed effects model

The Fixed Effects method modestly relaxes the assumption that the
estimation function does not change over time and space. In this model, each cross-
sectional unit can have its own constant term, but the slope estimate does not vary

across individual (Baum, 2006).

The fixed effects model is mainly based on the idea of removing the
unobserved effect and time-invariant explanatory variables. Consider a simple

model:
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Yie = Bxie +a; + Uy (3.3)
where t=1,...,T and I=1,...,N. When the equation (3.3) is averaged for each i:
Vi=pxita;+ 1y (3.4)

where ¥; = 1/TY7_,v;; and so on. When the equations (3.3) and (3.4) are

subtracted for each t, the fixed effects transformation is obtained:
Vie — Vi = B(xiye — %) +we —u; fore=1,...,T
or,
Vie = BXy + 1y fore=1,...,T (3.5)

Here, Vi = vir — ¥i, ¥z and ii;; are time-demeaned data on y, x and u. Since the
unobserved effect, «; is removed from the equation, the pooled OLS method would
be used to estimate the model. The pooled OLS estimator of time-demeaned
variables are called fixed effects estimator. The model also can be constructed by

adding extra explanatory variables:
Yie = B1Xier + BaXiez + -+ BrXioe + @ +uy fore=1,...T (3.6)
The time-demeaning version of this equation is given below for each individual i:
Vie = Bi¥iey + BoXiro + -+ + BiXig + Uy for 1=1,...,T (3.7
which is estimated by pooled OLS again.

The fixed effects model only uses the within (over time) variation, so that the
model must be constructed by using variables with sufficient variation over time. The
model can only estimate coefficients on time-varying regressors. The
homoscedasticity and serially uncorrelatedness assumptions of pooled OLS are also
valid for fixed effects estimation. Pooled OLS method provides consistent estimators
of within-transformed data. If the idiosyncratic error w;; is uncorrelated with the
explanatory variables, then the fixed effects estimator is unbiased (Wooldridge,
2012).
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3.2.1.3. Random effects model

Instead of the fixed effects model that consider the individual-specific
intercept as fixed effect of that individual, random effects model assumes that «; is
random and uncorrelated with all other regressors (Cameron and Trivedi, 2010 and
Baum, 2006)

Random effects method is begun with the same unobserved effects model like

fixed effects:

Vit = Po + B1Xitr + PaXiez + - + PrXiek + @ + Uy (3.8)

But here a constant term f,is added to the equation to make zero mean assumption
about @;. The given equation above becomes random effects model if the

unobservable effects are uncorrelated with each independent variables:
Cov(xyj, ;) =0,t=1,...T; j=1,...k (3.9)

Random effects assumptions include all the assumptions of fixed effects
model and additionally the strict assumption that «; is uncorrelated with all the

independent variables in all time periods.

The given equation of random effects can be estimated by pooled OLS
method but this method ignores the composite error term characteristic of the model.
The error term is defined as v;; = a; + u;;. Since a; is a component of the error
term for each period, v;; is serially correlated across time. For this reason,
generalized least square (GLS) method can be used to solve the serial correlation
problem of random effects. GLS method gives better results especially when the
panel data is short panel with large sample. To transform the equation, the constant
0is defined as:

f = 1— [20_]1/2 (3.10)

02+To?

which have values between 0 and 1. By using this constant, the equation is

transformed to the form given below:

Yie — 0y = Bo(1 —6) + B1(xjt1 — 0%;1) + -
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+Bi (Xiek — 0%iy) + (Vi — 07)) (3.11)

Here over bars symbol the time average values of variables. This equation involves
the quasi-demeaned data on each variable (Wooldridge, 2012).

The advantage of random effects model is that it allows the time-invariant
explanatory variables to be in the estimation. Therefore, the marginal effects of all
variables can be estimated by this model. Furthermore, if the random effects
assumptions are held, the estimators are consistent but not unbiased. On the other
hand, random effects model estimates inconsistent coefficients if fixed effects model

is appropriate for the data (Cameron and Trivedi, 2010 and Wooldridge, 2012).
3.2.2. Dynamic models
3.2.2.1. Dynamic pooled OLS

Dynamic version of pooled OLS model has the same characteristics like static
pooled OLS except it involves the lagged value of dependent variable, y;;. The new

model is:

Vit = PYit-1 + BXit + Uyt (3.12)

The dynamic pooled OLS which is the simplest model of dynamic panel data
methods has the same assumptions as static pooled OLS. As it is mentioned above in

the pooled OLS subsection, this method estimates inefficient coefficients.
3.2.2.2. Dynamic fixed effects model

The dynamic fixed effects transformation of simple model with first lagged of

dependent variable can be shown as:
Yie = ¥i = P(Vie-1 = V1) + Br(tier = Tia) + -+ + BieCeine — Xire) + e — 1y
or,
Vie = pYit-1 + Bi¥ir + BoXier + -+ BreXigr + Uy fore=1,..., T (3.13)

The dynamic fixed effects model is also estimated by pooled OLS method

and it uses the same assumptions like static fixed effects model.
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3.2.2.3. Dynamic random effects model

Similarly, a dynamic random effects model is involves the lagged values of

dependent variable. The modified equation of the model is:
Yie = Bo + PYie-1 T BiXier + BaXiez + -+ + BrXigre + 4 + uye (3.14)

The fixed effects assumption and the uncorrelatedness of unobserved effects
with all regressors are also valid for dynamic random effects model. The equation is

estimated by GLS method as static random effects.
3.2.2.4. Dynamic first-differenced model

In the dynamic panel methods, the lagged dependent variable is correlated
with error terms, especially in the within transformations. This correlation creates
bias in the estimator of lagged dependent variable which does not decrease by
increasing N, the number of individuals. In addition, if the independent variables are
correlated with the lagged dependent variable, their estimators would be affected by
the bias. Since u; error component is included in every value of dependent variable
in random effects model, the lagged dependent variable is correlated with composite
error term. Therefore, random effects model is also affected by Nickell bias (Nickell,
1981 and Baum, 2006)

A possible solution to Nickell bias is first-difference method. This model is
based on the idea that differencing the simple equation and subtracting differenced

version from original equation. Consider a simple dynamic model equation:
Yit = PYit-1+ Bxie +a; +uy t=1,....T; i=1,...N (3.15)
The first-differenced transformation equation is:
Ayie = pAYyi 1 + BAX; + Auy (3.16)

Apart from static model, OLS estimators in dynamic first-differenced method
are inconsistent, since Ay; .4 is correlated with lagged error terms. First-differencing
method assumes that first difference of idiosyncratic errors is not serially correlated

and OLS assumptions are also valid here. In this method, the coefficients of time-
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invariant independent variables are not identified because of the difference (Baum,
2006, Cameron and Trivedi, 2010 and Wooldridge, 2001).

3.2.2.5. Anderson—Hsiao model

Another method to solve Nickell bias problem is suggested by Anderson and
Hsiao (1981). In this model, the simple equation is first-differenced to eliminate the

unobserved effect, a;. Therefore, the equation used in this model is given as:
Vit = Yit-1 = PWit-1 — Vie—2) + B(Xie — Xie-1) + (Wi — Ui e—1)
or,
Ayie = pAYi -1 + BAX; + Auy (3.17)

Anderson-Hsiao model proposes to use y;._, as an instrument for Ay; . ;.
Thus, the instrument of lagged dependent is not correlated with lagged error terms
unless error terms are serially correlated. If the model includes other lagged
dependent variables in its structure, they can be used as instruments for themselves.

Anderson-Hsiao model is an instrumental variable estimation and its
estimators are consistent but not efficient, since it does not make use of all the
available information (Cameron and Trivedi, 2010, Baltagi, 2005 and Anderson and
Hsiao, 1981).

3.2.2.6. Arellano - Bond model

Arellano and Bond (1991) propose to use generalized method of moments
(GMM) estimation to produce more efficient estimators than Anderson-Hsiao model.
They argue that if the orthogonality conditions between lagged values of dependent
variable and error terms are taken into consideration, additional instruments can be

obtained.

Arellano-Bond model creates a system that is based on the orthogonality of
second lagged values of dependent variable and error terms. In each period, an extra
instrument is added to the system, so that the set of valid variables at time T becomes
Vi1, Yizs > Yir—2)- In this sense, the number of instruments differ in each time

period. For instance, for t=3, the Arellano-Bond equation becomes:
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Yiz — Yiz = P(Viz — Yi1) + B(xiz — xi2) + (U3 — U;p) (3.18)

Here, y;4is a valid instrument for (y;, — y;;) which is uncorrelated with (u;3 — u;3)
if the u;, are not serially correlated. In the next step, for t=4, the equation changes

into:

Yia — YViz = P(Viz — Yiz) + B (Xia — Xi3) + (Uia — Uj3) (3.19)

In this period, y;; and y;,are valid instruments for (y;3 — y;,). Thus, at time T, there

are T-2 valid instruments for the equation.

Arellano-Bond model is estimated in a GMM context. It creates consistent
and more efficient estimators in this concept (Arellano and Bond, 1991, Baltagi,
2005, Cameron and Trivedi, 2010 and Baum, 2006).
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4. ECONOMETRIC ANALYSIS

In this section, econometric analysis about the impact of education inequality
on income inequality is presented. Both static and dynamic panel data estimations are
shown in the section and the final model and tests are provided.

First of all, all the variables in the models are in logarithmic form. Since all of
them have positive values, the dataset can be converted to logarithmic form. In this
sense, the coefficients can be estimated as elasticity. This would make easier to
interpret the estimators.

The panel data analysis is started with static model estimations. The results of
different forms of static models are applied to the data explained in the Data section.
Since static models provide only the equitemporaneous effects of explanatory
variables on dependent variable, the interpretation of the estimators is done by taking
into consideration this characteristic of the model.

The variables used in the models are education Gini coefficient, number of
students in secondary school, budget expenditure of local authorities on education,
per capita value added, labor force participation ratio and suicide rate as explanatory

variables and income Gini coefficient as dependent variable.
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Table 4.1: Static Model Estimations

Variable Pooled Pooled OLS Fixed Fixed Effects Random
OLS (2) Effects (2) Effects
In(education Gini) -0.022 0.018 -0.094 -0.094 -0.002
(0.050) (0.033) (0.095) (0.095) (0.068)
In(secschoolstudents) 0.023*** 0.002 -0.020 -0.020 0.028***
(0.003) (0.002) (0.044) (0.044) (0.005)
In(percapexpenditure) 0.034** 0.006 0.031 0.031 0.032*
(0.012) (0.012) (0.033) (0.033) (0.015)
In(pcvalueadded) -0.139*** -0.019 -0.231*** -0.231*** -0.159***
(0.016) (0.016) (0.049) (0.049) (0.023)
In(laborforce) -0.001 0.093*** 0.316*** 0.316*** 0.122***
(0.027) (0.024) (0.045) (0.045) (0.032)
In(suiciderate) 0.048*** 0.014** 0.023*** 0.023*** 0.032***
(0.007) (0.004) (0.005) (0.005) (0.005)
Constant 0.022 -1.195%** 0.009 0.009 -0.283
(0.164) (0.154) (0.643) (0.643) (0.213)
Region fixed effects NO YES NO NO NO
Year fixed effects NO YES NO NO NO
N 323 323 323 323 323
r2 0.470 0.861 0.296 0.296

Note: * p<0.05, ** p<0.01 and *** p<0.001

The first model shown in the Table 4.1 is done by using pooled OLS method.
The model specifications in all static models are formed with the robustness option,
so that the results are robust. In this model, education Gini coefficient and labor force
participation ratio are insignificant. Since the aim of thesis is to examine the impact
of education inequality on income inequality, the model must be changed to capture
this relationship.

The second model is specified by adding dummies for regions in Nutsl level
and years to first estimation, since income Gini coefficient is originally in Nutsl
level. In this case, education Gini is still insignificant. Moreover, other variables such
as number of students in secondary school, per capita budget expenditure and per
capita value added turns to become insignificant. However, most of the regional
dummies are significant except West Anatolia and Central Anatolia regions
compared to region 1, Istanbul.

The within-group regression results are shown in the third column. The
education Gini coefficient, number of students in secondary school and per capita

budget expenditure on education variables have insignificant estimators in this
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model. The serial correlation of error terms are tested for this specification.
Wooldridge test’s null hypothesis is given below:

Hy = no first order autocorrelation

H, is rejected for fixed effect estimation and the serial correlation is corrected by
clustering the provinces. The forth model in the table gives the results for corrected
within-group regression. After preventing the serial correlation in standard errors, it
seems that the education Gini coefficient is still insignificant and the correction does
not change the results.

The last column of the Table 4.1 represents the results of random effect
regression. The education Gini coefficient is not significant in this model. Breusch
and Pagan test is applied to check the significance of individual effects. The null
hypothesis of the test is:

Hy: variance of the individual ef fects(u) = 0

Test result rejects the null hypothesis. This means that individual effects are
significant and the homoscedasticity assumption of the random effect estimation is
violated.

To decide between fixed and random effects models, Hausman test is run.
The null hypothesis of Hausman test is in the following:

Hy:dif ference in coef ficients not systematic

The Hausman test indicates that the null hypothesis cannot be rejected, so that
there are not significant differences between fixed effects and random effects
coefficients. Therefore, random effects estimation seems appropriate in this case.

Since there is serial correlation between dependent variable and error term,
this violates the assumption of static models. Therefore, dynamic models are used to
remove this correlation. By applying dynamic estimations, Nickell bias can also be
controlled. The results of the different forms of dynamic models are shown in Table
4.2.
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Table 4.2: Dynamic Model Estimations

Dynamic

Variable Dynamic Dynamic Random First- Anderson Arellano
oLS Fixed Effects Differences -Hsiao -Bond
Effects
n (in'ﬁgr?]‘:;%ini) 0.704%** 0.041 0.681%** -0.284%*+
(0.064) (0.070) (0.065) (0.057)
L-agged diff 0.135%%  -0.4T1F**
In(incomeGini) (0.049) (0.134)
In(educationGini)  -0.092* -0.428*** -0.094* -0.386**
(0.037) (0.119) (0.038) (0.118)
'”(Secsc?s‘;o's‘“de” 0.003 -0.063 0.004 -0.086
(0.003) (0.054) (0.003) (0.050)
In(percapexpendit 4 515 -0.053 -0.011 -0.059
ure) (0.011) (0.053) (0.011) (0.041)
In(pcvalueadded)  -0.046** -0.068 -0.050** 0.012
(0.016) (0.087) (0.017) (0.086)
In(laborforce) -0.099*** 0.071 -0.099*** 0.101*
(0.023) (0.062) (0.023) (0.047)
In(suiciderate) 0.028*** 0.018*** 0.029*** 0.011%**
(0.005) (0.004) (0.005) (0.003)
Year fixed effects YES YES YES YES
dlﬁ o *k*k o *k*k
In(educationGini) 0(5"2715) 0(6"91?12)
diff
In(secschoolstuden -0.063 -0.106
ts) (0.049) (0.055)
diff -0.056 -0.059
In(expenditurepc) (0.042) (0.044)
diff
0.022 -0.106
In(pcvalueadded) (0.081) (0.119)
diff In(laborforce) 0.092 0.143*
(0.046) (0.057)
diff In(suiciderate) 0.012*** 0.011**
(0.003) (0.003)
diff year fixed NO NO NO YES YES
effects
Second lagged ) .
In(incomeGini) 0((??)28)
Constant 0.377** -0.501 0.347** -1.409*
(0.124) (0.706) (0.128) (0.647)
N 242 242 242 161 161 161
r2 0.746 0.468 0.482

Note: * p<0.05, ** p<0.01 and *** p<0.001.
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First of all, the simplest dynamic model, dynamic OLS is applied to the
data. First degree lagged value of income Gini variable is added to the models.
Pooled OLS estimation results indicates that lagged income Gini variable is
significant and has positive effect on income Gini coefficient. Education Gini
coefficient is also significant and negatively correlated with income Gini coefficient.

Since dynamic pooled OLS is the basic dynamic panel data method and
cannot capture the individual effects, dynamic fixed effects model is applied. In the
dynamic fixed effects model, all the variables seem insignificant except the
education Gini. Lagged income Gini is also insignificant. Education Gini has
negative effect on income Gini in this model.

The dynamic random effects model is given in the third column of the table.
The method has nearly the same results with pooled OLS model. While the number
of students in secondary school and per capita budget expenditure on education
variables are insignificant, education Gini is in negative association with income
Gini coefficient. First lagged value of income Gini has positive effect on income
Gini.

The fourth model is estimated by using first-differenced method. Differenced
values of each variable are included in the model instead of the logarithm of real
values. First-differenced model removes the individual effects by differencing it out.
In this model, both lagged income Gini and education Gini is significant and have
negative impact on income Gini. First-differenced method has correlation between
error terms. Therefore, the model is specified as clustered in provinces. The
coefficient of education Gini is interpreted as 1% change in education Gini
coefficient declines the income Gini index 0.4%, when the other variables remain
constant.

Since education Gini index is suspected to be endogenous and there is a
reverse causality between education Gini and income Gini coefficients, Anderson-
Hsiao model is applied to control both of them. The lagged first difference of
dependent variable is an explanatory variable and second lag in levels is used as an
explanatory variable. First stage results of Anderson-Hsiao model show that the
second lag of the income Gini is a good predictor of the lagged first difference.
Thus, the first condition for it to be a valid instrument is satisfies. The instrumental
variables regression results indicate that Anderson-Hsiao method estimates higher

coefficients compared to first-difference model. However, the direction of the effects
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of both lagged difference of income Gini and differenced education Gini indices is
the same as first-differenced method and they are both negative. In addition,
Anderson-Hsiao estimator is consistent but inefficient, as it does not make use of all
the available information.

Lastly, Arellano-Bond model is applied to control both serial correlation
between income Gini coefficient and error term and endogeneity of education Gini
index. Only the lagged income Gini coefficient is added to the model. Education Gini
has again negative impact on income Gini and the lagged variable is also negatively
correlated with it. The elasticity of education Gini for income Gini is -0.386. This
means 1% change in education Gini cause -0.3% change in income Gini when the
other variables remain constant. The model also shows that lagged income Gini is
significant and elasticity of it is -0.284. When the other explanatory variables are
analyzed, the number of students in secondary school, per capita budget expenditure
on education and per capita value added variables seem insignificant. The labor force
participation ratio is significant and its elasticity is 0.101. This is explained as 1%
increase in the labor force participation ratio causes 0.101% increase in income Gini
coefficient. The suicide rate variable is also significant and positively correlated with
income Gini.

To test the overidentification, Sargan test is applied to Arellano-Bond model.
The null hypothesis of the test is:

Hy: overidentifying restrictions are valid
Sargan test indicates that H, cannot be rejected and this means some of the
instruments are not correlated with the error term.

In the econometric analysis, static models are estimated at first. Simple OLS,
fixed effects and random effects models are applied. However, because of the serial
correlation between income Gini and error term, the analysis continues with dynamic
models. These models also provide the control of Nickell bias. Dynamic fixed
effects, random effects and first-difference models are estimated. Since it is
suspected that education Gini is endogenous variable and there is reverse causality
between education Gini and income Gini, Anderson-Bond model is applied. In the
next step, Arellano-Bond model is used to control both endogeneity and serial
correlation. All these models mentioned above indicate the negative association
between education Gini and income Gini coefficients. This proves the robustness of

the models. But none of these models are perfectly eliminates the serial correlation
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and endogeneity. Therefore, the results only indicate the effect of education

inequality on income distribution.
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5. CONCLUSION

First of all, the main aim of the thesis is to present a general picture of income
and education inequality in Turkey, to calculate the education Gini index and to
examine the impact of education inequality on income inequality in provincial level
for the period between 2008 and 2013.

Income inequality which is measured by using income Gini index obtained
from TURKSTAT in Nutsl level decreases year by year. This means income
distribution of Turkey becomes more equal. However, east side of the country has
higher Gini coefficients than the other parts. This may be the result of the inadequacy
of economic activities in these regions. Besides, Marmara and Black Sea regions

generally have lower income Gini coefficients and more equal income distributions.

Education Gini coefficient is calculated to measure education inequality by
using completed education level data in provincial level for the period between 2008
and 2013. In this calculation, population separated into 8 education levels: illiterate,
literate without diploma, primary education, secondary education, high school,
university degree, master and doctorate. Education Gini is also has a downward trend
during this period. Even in regions that have the highest education Gini values such
as Eastern and Southeastern regions, education distribution tends to become more
equal. Marmara and Central Anatolia regions have relatively lower education Gini
coefficients, because they have higher schooling rate and most of the universities are

located in these regions.

As a final goal, the impact of the education inequality on income inequality is
analyzed. Besides the education Gini index, per capita value added, labor force
participation ratio, number of students in secondary school, budget expenditure of
local authorities on education and demographic variables are included in the model

as regressors. All the variables used in the models are in logarithmic form. In the
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econometric analysis, static and dynamic models are used. Simple OLS, fixed effects
and random effects methods is applied in static form. Since there is serial correlation
between income Gini and error term, the analysis continues with dynamic models. In
this part, OLS, fixed effects, random effects and first-difference methods are
estimated. After that, because of the suspicion of reverse causality between education
and income Gini coefficients, Anderson-Hsiao model is used. Finally, it is thought
that Arellano-Bond model is more suitable for the control of both endogeneity and

serial correlation.

All the models mentioned above indicate the negative effect of education Gini
coefficient on income Gini. Since all of the estimations show the same direction of
effect, it can be said that the results are robust. According to results of Arellano-
Bond model, the elasticity of education Gini coefficient for income Gini is -0.284.
This means that 1% change in education Gini index decreases income Gini 0.284%,
when the other variables remained constant. When the results of the whole Arellano-
Bond model are analyzed, however the number of students in secondary school, per
capita budget expenditure on education and per capita value added variables are
insignificant in the model, the directions of their impacts is mentioned in this section.
Number of students in secondary school is negatively correlated with income Gini. It
can be said that education attainment has negative effect on income inequality. Per
capita budget expenditure on education is also negatively associated with income
Gini and the other insignificant variable, per capita value added has positive impact
on income Gini. The labor force participation ratio is positively correlated with
income Gini index. As the labor force participation ratio increases 1%, the income
Gini increases 0.101% as well, when the other variables remain constant. The
demographic variable, suicide rate is also significant and has positive effect on

income Gini.

The negativity of the impact of education Gini on income Gini gives some
ideas about the possible policy suggestions that should be applied in the future. Since
the average schooling level of Turkey is very low with 7.1 years in 2008, income
distribution has higher distortions. The highly educated people get higher salaries
and the others with low education levels earn relatively lower salaries. This

conditions increase the income inequality across the whole population. When the
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labor force becomes more educated, technological innovations would increase and
this would accelerate the creation of more skilled jobs. In this sense, more people
earn higher salaries and income inequality would decline. Therefore, the major
policy concern for decrease of income inequality would be the increase of average
schooling of the population. Then the labor force would become more educated and

this would provide the decrease of income inequality.

Data constraints make the application of Kuznet Curve in Turkey impossible.
GDP per capita data is unavailable in Turkey in provincial level. However, futher
researches for the explanation of the main reasons of income and education
inequality will be done in the future. Besides, it would be interesting to analyze not
only the quantity of the educational investments but also the effect of the quality of
education on income inequality if data would be available. This kind of a research
would have changed the policy suggestions with respect to decrease in income

inequality in Turkey.
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APPENDIX A

Table A.1: Descriptive statistics of all variables in 2008

2008 Obs Mean Std. Dev. Min Max
IncomeGini 81 0,377 0,031 0,331 0,436
EducationGini 81 0,367 0,064 0,288 0,536
percapitaValueAdded 81 9659 3892 4379 18689
Laborforce 81 47,209 8,616 26,900 66,300
DivorceRate 81 1,163 0,589 0,120 2,690
Births 81 15978 27568 487 225910
MarriageRate 81 9,198 1,344 6,580 13,360
SuicideRate 81 4,496 1,887 1,540 14,330
MalePopRatio 81 0,504 0,012 0,488 0,575
SecSchoolPopRatio 81 0,030 0,007 0,019 0,051
PercapitaExp 81 1,280 0,493 0,714 3,597
Table A.2: Descriptive statistics of all variables in 2009
2009 Obs Mean Std. Dev. Min Max
IncomeGini 81 0,390 0,019 0,359 0,415
EducationGini 81 0,359 0,058 0,287 0,511
percapitaValueAdded 81 9737 3593 4846 18300
Laborforce 81 48,779 7,746 30,400 65,800
DivorceRate 81 1,313 0,646 0,140 2,740
Births 81 15618 25660 948 210170
MarriageRate 81 8,341 1,166 6,280 11,670
SuicideRate 81 4,346 1,707 1,330 12,980
MalePopRatio 81 0,504 0,011 0,492 0,569
SecSchoolPopRatio 81 0,032 0,008 0,018 0,059
PercapitaExp 81 1,513 0,639 0,800 5,329
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Table A.3: Descriptive statistics of all variables in 2010

2010 Obs Mean Std. Dev. Min Max
IncomeGini 81 0,375 0,029 0,327 0,417
EducationGini 81 0,332 0,045 0,270 0,447
percapitaValueAdded 81 10972 3850816 5575 20149
Laborforce 81 49,409 6,198 31,800 61,800
DivorceRate 81 1,340 0,659 0,140 2,820
Births 81 15534 26008 873 213378
MarriageRate 81 7,969 1,034 5,820 10,740
SuicideRate 81 4,298 2,030 0,610 16,310
MalePopRatio 81 0,504 0,012 0,490 0,570
SecSchoolPopRatio 81 0,035 0,009 0,020 0,068
PercapitaExp 81 1,760 0,825 0,898 6,803
Table A.4: Descriptive statistics of all variables in 2011
2011 Obs Mean Std. Dev. Min Max
IncomeGini 81 0,374 0,033 0,326 0,427
EducationGini 81 0,320 0,039 0,265 0,420
percapitaValueAdded 81 12639 4671669 5894 23247
Laborforce 81 50,683 6,667 30,600 62,500
DivorceRate 81 1,306 0,658 0,110 2,820
Births 81 15366 25962 891 212241
MarriageRate 81 7,912 0,965 6,090 10,360
SuicideRate 80 3,882 1,586 0,620 11,270
MalePopRatio 81 0,505 0,013 0,490 0,576
SecSchoolPopRatio 81 0,034 0,008 0,021 0,065
PercapitaExp 81 2,027 0,831 1,113 5,948
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Table A.5: Descriptive statistics of all variables in 2012

2012 Obs Mean Std. Dev. Min Max
IncomeGini 81 0,366 0,027 0,309 0,407
EducationGini 81 0,314 0,037 0,262 0,413
percapitaValueAdded - - - - -
Laborforce 81 50,141 6,542 26,900 60,900
DivorceRate 81 1,332 0,636 0,130 2,730
Births 81 15887 27493 913 225393
MarriageRate 81 7,906 0,967 6,270 10,290
SuicideRate 81 4,503 1,579 1,600 8,800
MalePopRatio 81 0,504 0,013 0,493 0,580
SecSchoolPopRatio 81 0,035 0,008 0,021 0,065
PercapitaExp 81 2,279 0,958 1,168 6,932
Table A.6: Descriptive statistics of all variables in 2013
2013 Obs Mean Std. Dev. Min Max
IncomeGini 81 0,359 0,030 0,315 0,399
EducationGini 81 0,313 0,036 0,261 0,411
percapitaValueAdded - - - - -
Laborforce 81 50,527 5,511 36,200 62,800
DivorceRate 81 1,343 0,615 0,140 2,700
Births 81 15840 27703 945 227162
MarriageRate 81 7,740 0,936 6,140 10,120
SuicideRate 81 4,405 1,407 0,740 9,330
MalePopRatio 81 0,504 0,010 0,494 0,558
SecSchoolPopRatio 81 0,038 0,007 0,026 0,063
PercapitaExp 81 2,596 1,040 1,240 7,823
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