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IMPACTS OF SYRIAN IMMIGRANTS ON LOCAL DEVELOPMENT IN 
TURKEY 

SUMMARY 

Migration has become a major concern for policymakers and researchers since the 
2000s, as the number of migrants has been steadily increasing, impacting people in 
socio-economic ways. The consequences and effects of migration are not limited to 
the migrants themselves; they also affect those who remain in the migrants’ home areas 
and the residents of more developed countries where the migrants resettle. In the last 
decade, Turkey has been significantly affected by forced migration, particularly due 
to its support for Syrians displaced by the Civil War. This research explores how 
Turkey’s local development has been influenced by these refugees. To do so, this study 
employs a causal identification strategy comparing Development Index scores in 
provinces hosting higher share of refugees with other provinces before and after 2012, 
when Syrian refugee influx towards Turkey has started. As local development levels 
of provinces in both within and across regions of Turkey are distinct from each other, 
we used alternative ways to construct our counterfactual group of provinces. 
Therefore, in addition to staggered synthetic difference-in-differences we also used 
difference-in-differences and synthetic control method to check the robustness of our 
findings.  
 
To analyze the effects and data, the Synthetic Difference in Differences method is 
employed. The purpose of this study is to demonstrate how local development, proxied 
by human development and gender development, is affected by migration. 
Additionally, this work implicitly examines the impact of migration on other socio-
economic parameters, such as GDP per capita and life expectancy, which are included 
in the calculation of Human Development Index (HDI). The study also compares other 
indexes, including the Gender Inequality Index (GII), the Gender Development Index 
(GDI), and the Inequality-adjusted Human Development Index (IHDI), which measure 
gender and general inequality points. 
 
The results indicate that migrants have positively contributed to the local development, 
proxied by indices of GDI, GII, and HDI, except for the IHDI. These findings suggest 
that migrants have had a socio-economic contribution to Turkey between 2009 and 
2018. Although Turkey's situation is unique due to the rapid increase in migrants and 
its provinces' diverse geographical and social characteristics, this thesis can contribute 
to the literature on whether refugees positively affect local development in destination 
countries. 
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GEÇİCİ KORUMA ALTINDAKİ SURİYELİLERİN TÜRKİYE’DEKİ 

YEREL KALKINMA ÜZERİNDEKİ ETKİLERİ 

ÖZET 

Göç, 2000'lerden bu yana politikacı ve araştırmacılar için dikkate alınması gereken 
konu haline gelmiştir. Göçmen sayısı sürekli artmakta ve tüm insanlığı çoğu açıdan 
etkilemektedir. Göçün sonuçları ve etkileri sadece göçmenlerle olan etki ile sınırlı 
değildir; aynı zamanda göçmenlerin göç etmeden önceki alanlarda yaşamaya devam 
eden hane halkını ve göçmenlerin yerleştikleri daha gelişmiş ülkenin sakinlerini de 
etkiler. Son on yılda, Türkiye özellikle Suriye İç Savaşı nedeniyle yerinden edilen 
Suriyelilere verdiği destek nedeniyle önemli ölçüde zorunlu göçten etkilenmiştir. Bu 
araştırma, Türkiye'nin yerel kalkınmasının Suriyeliler tarafından nasıl etkilendiğini 
araştırmaktadır. Bunun için, Suriyelilerin Türkiye'ye doğru akışının başladığı 2012'den 
önce ve sonra, yüksek Suriyeli popülasyon barındıran illerdeki Kalkınma Endeksi 
skorlarını diğer illerle karşılaştıran ekonomi methodları ile analiz edilmek 
amaçlanmıştır. Literatürde genellikle kullanılan Difference-in-Differences ve 
Syntethic Control Method’la etkinin analizi yapılsa da doğruluğu daha yüksek olan, 
bahse konu iki methodun kombinasyonu olan Syntethic Difference in Differences 
(SDID) methodu ile analizleri yorumlamak amaçlanmıştır.  

Etkileri ve verileri analiz etmek için, SDID yöntemi kullanılmaktadır. Bu çalışmanın 
amacı, yerel kalkınma puanlarının göçmenlerden nasıl etkilendiğini göstermektir. 
Ayrıca, göçün insan Gelişimi Endeksi (HDI) hesaplamasına dahil edilen kişi başına 
düşen GSYİH, beklenen yaşam süresi gibi diğer sosyo-ekonomik parametreler 
üzerindeki etkisini de dolaylı olarak inceler. Çalışma, cinsiyet ve genel eşitsizlik 
puanlarını ölçen Cinsiyet Eşitsizlik Endeksi (GII), Cinsiyet Gelişimi Endeksi (GDI) 
ve Eşitsizlik Düzeltilmiş İnsani Gelişim Endeksi (IHDI) gibi diğer endeksleri de 
karşılaştırmayı amaçlamıştır. 

Sonuçlar, göçmenlerin GDI, GII ve HDI endeksleri ile temsil edilen yerel kalkınmaya 
olumlu katkıda bulunduğunu, ancak IHDI endeksi için sağlıklı bir yorum 
yapılamayacağını göstermektedir. Bu bulgular, göçmenlerin 2009 ve 2018 yılları 
arasında Türkiye'ye sosyo-ekonomik katkıda bulunduğunu öne sürmektedir. 
Türkiye'nin durumu, hızla artan göçmen sayısı ve illerin çeşitli coğrafi ve sosyal 
özellikleri nedeniyle farklı ülkelerdeki göç algısına göre farklıdır fakat mültecilerin 
yerel kalkınmaya olumlu etkileri olup olmadığı konusunda literatüre katkı 
sağlanmıştır. 
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 INTRODUCTION – IMMIGRATION, REFUGEES AND DEVELOPMENT  

Unexpected events such as natural disasters and wars occurring worldwide force 

people to flee their places of residence. In such circumstances, individuals seek a place 

to live, leading to what is termed as 'refugee.' While the migration of refugees is often 

mandatory, it can be either permanent or temporary (Reyhanoğlu & Akın, 2022). The 

effects of refugees seeking shelter in another country have become a subject to be 

taken into consideration by many researchers. According to UNCHR (2021), the 

population of refugees reached twenty-six million by the end of 2019. As of June 2020, 

Syria’s nearby countries which are Turkey, Egypt, Iraq, Jordan, and Lebanon hosted a 

total of 5,543,746 registered Syrian refugees." According to the latest available figures 

from the Turkish Presidency of Migration Management (PMM) in 2024, there are 3.1 

million of Syrians whom are seeking international protection. Effects of Syrian 

refugees on the Turkish economy has been arguing since Turkey has started to take 

refugees after the Syrian Civil War. This study aims to explain how Syrian refugees 

affect the development parameters in Turkey by using Synthetic Difference in 

Differences method. 

Since the concept of development can vary, Pearson’s definition of development, 

which is considered in this work, provides clarity. Pearson states in 1992 that 

development implicates an improvement qualitative, quantitative or both aspects of 

utilizing existing resources. Pearson also states that development cannot be defined 

with a singular viewpoint regarding social, political and economic progress. Rather 

than, development explains a combination of approaches aimed at transforming socio-

economic and environmental positions from their current state to desired state.  

According to Pearson’s definition, development can be considered as the main 

continuum for all households to increase socio-economic and political parameters. In 

order to measure development, there are many branches, such as levels of welfare, 

inequality, and poverty, life expectancy, that are indexed into the one term 

“development index,” which has to be the main consideration for the policymakers for 

the macro level in order to try increasing development because policymakers need to 
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increase the households’ living standards, ease of access to public services and social 

safety nets, etc. Therefore, they try to increase it. As proof, Turkey has been publishing 

a report named SEGE which contains development indices at the provincial level and 

this report led to consideration of preventing inequality between less and more 

developed by trying to implement development policies in the former. Accordingly, 

policy makers try to consider increasing the development scores of less developed 

areas. Also, there is a global index prepared by the United Nations Development 

Programme (UNDP) that reflects the development levels and trends between countries 

and provinces. In this paper, UNDP is taken reference for the analysis. 

Development indexes are divided into the categories of low developed regions, 

medium developed regions, high developed regions and very high developed ones. 

Highest developed points means that they supply more opportunities, life expectancy 

is higher, GDP per capita is higher, in summary welfare is higher when compared to 

less developed ones. Consequently, there is a trend that people who live in less 

developed countries tend to resettle in more developed countries in order to live in 

better conditions called “immigration.” Immigration has a positive correlation with 

development for less developed countries until their standard of living equals that of 

developed countries (Massey et al,1988). Refugee status is considered as a subset of 

the migration concept, as it entails forced migration (UNHCR, n.d.). Therefore, in this 

article, by explaining the specific concept of refugee status, the impact of migration 

will also be elucidated. 

 Purpose of Thesis  

The purpose of this paper is to explain how immigrants affect development, using 

Turkey as a reference. Since 2011, a large number of immigrants have been coming to 

Turkey due to the civil war in Syria, which began in the same year. The civil war in 

Syria has affected neighboring countries, with many people being forced to flee their 

homes. According to OCHA's report, sadly, 42 places have experienced a decline in 

the Human Development Index (HDI). The civil war in Syria has resulted in the 

internal displacement of 6.8 million people, the largest such displacement in the world 

since the beginning of the crisis (OCHA, 2022). Both neighboring countries of Syria 

and the European Union have helped war victims resettle in their countries. Turkey is 
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one of the neighboring countries of Syria. Moreover, the Turkish government has 

significantly aided Syrian immigrants. 

 Scope of Thesis  

The aim of this thesis is to investigate the impact of refugees on Turkey's development, 

contributing to the existing literature on whether immigration significantly affects the 

Human Development Index (HDI) in areas where immigrants settle. It's important to 

note the distinction between immigrants and refugees. Refugees are individuals who 

are forced to relocate to another area due to unforeseen circumstances. However, since 

Turkey is working towards the permanent integration of Syrian refugees into the 

country, there may not be a significant difference between refugees and immigrants in 

this context. Therefore, for the purposes of this paper, Syrian refugees in Turkey are 

considered as immigrants, as Turkey is striving for their permanent integration into the 

country. Thus, refugees can be regarded as a subset of immigrants for this study. 

 Explanation of Data and Method 

This paper delves into the various measurements of development employed by 

different organizations and the United Nations Development Programme (UNDP) 

stands out as a prominent publisher of such reports since 1990. In addition to the 

Human Development Index (HDI), which is a classical measure of development, the 

UNDP also publishes other indices that capture specific aspects of development, such 

as the Gender Development Index (GDI), Inequality-adjusted Human Development 

Index (IHDI), and Gender Inequality Index (GII). These indices offer a nuanced 

understanding of development by focusing on different dimensions such as gender 

equality and inequality. Section II of this paper provides detailed explanations of these 

indices. The primary focus of this paper is to analyze the impact of immigration on 

various development indices, covering all the indices. 

In this paper, the aim is to illustrate the effects of immigration using the average 

treatment on the treated (ATT) method, highlighting disparities between provinces 

with significant migrant populations and those without. Given the non-uniform 

distribution of immigrants across Turkey's provinces, the analysis includes all 

provinces to showcase the effects of immigration through comparisons. Statistical 
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techniques such as Synthetic Difference-in-Differences (SDID), Synthetic Control 

Method (SCM), and Difference-in-Differences (DiD) are employed to elucidate these 

effects. 

The Synthetic Difference-in-Differences (SDID) method, which merges the 

Difference-in-Differences (DiD) and Synthetic Control Method (SCM), is employed 

in this paper to assess the impact of migration on development. The DiD method 

assumes parallel trends to gauge the average treatment effect (ATT) on the treated. 

However, a limitation of the DiD model is its efficiency in comparing only two 

variables, as it does not include unit weights, making it challenging to find a control 

group similar to the treatment group in the pre-treatment period. Additionally, the DiD 

model assumes that in the absence of treatment effects, the groups would follow the 

same trajectory, which may not always be the case that may lead to biased estimation 

for the DiD anaylsis (Arkhangelsky et al. 2019). 

The other estimation method is the Synthetic Control Method (SCM) that facilitates 

the calculation of ATT by adjusting different control groups values into a single value 

same as the treated variable in pre-exposure period. However, the SCM may suffer 

from overfitting issues since unit weights are assigned to the control group to create 

equal values between the groups before pre-treatment period. 

To address these limitations, the SDID method combines elements of both DiD and 

SCM to calculate an unbiased ATT. The data for the SDID analysis is sourced from 

the United Nations Development Programme's (UNDP) Human Development 

Reports. All three methods - SDID, DiD, and SCM - are utilized to analyze the data 

comprehensively. 

The thesis is structured into six sections. In Section I, an introduction to the thesis 

statement and its scope is provided, as well as an overview of the literature research. 

Section II delves into the datasets utilized for the analysis, elucidating any disparities 

between the datasets and detailing the methods employed to eliminate biased data. 

Section III presents a review of relevant literature concerning the Synthetic Difference-

in-Differences (SDID) method and descriptive analysis for the data, which serves as 

the basis for the analysis. Section IV is dedicated to explaining and interpreting the 

results obtained from the analysis. Finally, in Section V, the conclusion of the thesis 

is presented. 
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 Literature Review 

Migration effects for the migrated countries and effects of immigrants’ homeland have 

been discussed for decades in literature. According to 2022’s World migration Report 

which was published by the International Organization for Migration (IOM) 

periodically, there is a significant increase in the number of international migrants 

which has increased by 62% in 22 years.  

 

Figure 1.1 : Key Facts and Figures Comparison, (World Migration Reports, 
2022) 

Aghion & Meghir and Vandenbussche (2004) explained how migration occurs 

between migrated and immigrant’s home countries and proves the discussion that 

skilled labor has a higher growth-enhancing effect when the country is closer to the 

technological frontier. Firstly, development needs to be considered to explain the 

migration. Human capital is the key main factor to increase development (growth) by 

using more skilled labor in the economy. There are two main factors in which human 

capital can be divided which are Innovation and Imitation. Innovation and imitation 

require different types of human capital since the imitation sector does not need highly 

skilled workers while innovation has to use them. Cobb-Douglas production function 

has stated above: 

𝑦௧ ൌ ධ 𝐴୧,௧
ଵିఈ𝑥୧,௧

ఈ di
ଵ

଴
       (1.1) 

Where 𝑦௧ is the output which can be considered growth, 𝐴 is the productivity and the 

𝑥 is the flow of intermediate goods. Rather than increasing the flow of intermediate 

goods which is in equilibrium, increasing the productivity factor will be a better option. 

𝐴 is a result for technology improvements divided into imitation activities which adopt 

the world frontier technologies and innovation in the local technological frontier. If 
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one country's value is lower than the world productivity frontier, focusing on imitation 

is sufficient since innovations’ purpose is increasing the productivity frontier. 

Consequently, less developed countries tend to increase their imitation sector with 

unskilled people while more developed countries try to increase their world frontier 

by increasing the imitation sector with skilled workers and more developed countries 

supply the skilled workers from the less-developed countries. From the perspective of 

migrants, they want to work with better salaries and better job options. So, they want 

to migrate to the countries that need labor for the innovation sector and salaries are 

higher (Vandenbussche et al. 2014). 

Sjaastad wrote a session called “The Costs and Returns of Human Migration” in the 

book of Regional Economics: A reader which was edited by Harry. W Richardson 

(1970). The session explains the importance of considering the gross migration rather 

than the net migration. For instance, if the net migration can be zero or negative while 

the number of people who’ve resettled into this area could be million. Because net 

migration is calculated with the difference between the number of migrated citizens to 

another area and migrated people to this city. Also, this publication shows that people 

think migration as an investment that increases the productivity of human resources, 

an investment which has costs and which also renders results”. In consequence, it has 

been proven that young people tend to migrate rather than older ones because the return 

of the migration is higher relatively than older people who do have a short life time 

period in their lifetime (Richardson, 1970). 

Di Maria, & Stryszowski (2009) aimed how the possibility of migration changes the 

composition of human capital and how development was affected with migration. 

Researchers create a model and separate the migration effect in different situations. In 

order to develop a model, total productivity factor, effective unit of human capital, 

distribution of less skilled people and more skilled person and time and growth factor 

is used.  A less developed country catches a more developed one and also reaches a 

steady state in the absence of migration. If the possibility of migration is equal between 

the technical skilled person who works in imitation and skilled person who works in 

innovation, growth rate in the less developed country decreases in the short-run, 

workers can work in the leading country in which innovation is their priority. There is 

complete specialization in innovation in the more developed country. On the other 
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hand, if there is an inequality in the possibilities of migration between the innovation 

and imitation workers, there is a lack of complete specialization in the lagging country 

in the long-run (Di Maria & Stryszowski, 2009). 

Akanbi (2017) investigated 19 Sub-Saharan African (SSA) countries were selected to 

examine the impact of migration on economic growth and human development using 

2SLS. The chosen SSA countries were selected to mirror the demographic structure of 

all of Africa. Therefore, the study can be considered a reflection of the entire African 

context. In this study, GDP and UNDP's HDI scores were used as dependent variables. 

Independent variables included variables such as remittances, social expenditure 

ratios, and inequality. Data were collected from sources such as the World Bank 

Databank, African Development Indicators, and IMF International Financial Statistics 

database spanning from 1990 to 2013. As a result, it was observed that remittances had 

a significant negative impact on both HDI and GDP. Additionally, increasing 

inequality was found to have a negative impact on HDI and GDP. Social expenditures 

were observed to have a positive impact on HDI (Akanbi, 2017).  

Ramirez (2002) aimed to compare human development, as published by UNDP, with 

economic growth. Additionally, by using the values of government social 

expenditures, he employs the OLS (Ordinary Least Squares) method for calculations. 

The results show that social expenditures increase life expectancy and GDP. 

Consequently, Ramirez argues that there is a bidirectional relationship between 

economic growth and human development. He concludes that while economic growth 

provides funding for human development, human development in turn supports long-

term economic growth. Furthermore, as variables such as life expectancy positively 

affect GDP, he demonstrates that human development should be considered not only 

in terms of income levels but also through indicators like health, education, and life 

expectancy. Additionally, he has clearly demonstrated the positive impact of social 

expenditures on development. Therefore, government decisions and expenditures have 

a direct effect on the HDI (Ramirez et. al., 2000). 

There is another assumption which is stated by Contreras (2013) at the International 

Economic Journal that remittances have a negative impact on migrants. Contreras 

creates a model that two countries exist which are poor and bad. Model explains the 

effects of migration on human capital development. It is explained that a migrant's 
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investment effect on their child’s education falls with the strength of the dependence 

on their home country while in poor countries it is opposite. In summary, higher 

remittances reduce migrants’ savings and investments in their child. Moreover, there 

is a disadvantage for the migrants that have strong links to the source country since 

lack of investment in their own child human capital development (Contreras, 2013). 

Yang, Han & Song (2014) analyzed the relation between population distribution and 

economic development in China, Sichuan. They try to analyze what variables have 

significant effects for migration. To create a model, net migrants are used for 

dependent variables and plenty of independent variables are included in their model. 

They found that rural employment has significantly decreased the probability of net 

migration. It is stated that higher economic inequality levels lead to higher possibility 

of migration. Also, it is found that average wages do not change the probability of net 

migration significantly (Song et al., 2014). 

Kunwar (2015) investigated the countries with high emigration rates. He interpreted 

remittance rates of emigration countries according to Wordbank data. According to 

Kunwar, for remittances to return to the country as investment, a stable and reliable 

social and political environment is necessary. Here, the skills acquired by migrating 

migrants in the country they go to, their likelihood of returning, etc., all play an 

important role. Looking at the number of migrants, Kunwar's observations indicate 

that migrants often work in what he terms as "Dirty, Dangerous and Demeaning" (3D) 

jobs. Due to being mostly unskilled or semi-skilled, many migrants are exposed to 

these 3D jobs. Therefore, remittances are often challenging for most migrants. It is 

difficult to see a country that has developed solely through remittances. Examples of 

this include Mexico and the Philippines. Remittances can only assist in development 

(Kunwar,2015). 

The papers mentioned above are about global immigration in the world. The situation 

of Türkiye is slightly different from global immigration terms since there is a rapid 

increase in the immigration due to the Civil War in Syria.  

From a labor perspective, Aydemir & Kırdar (2017) investigate the impact of ethnic 

Turks migrating from Bulgaria in 1989 due to political instability. They found that this 

influx led to higher unemployment rates among native men, with a more pronounced 
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effect on younger natives and those with educational levels similar to the immigrants. 

However, the situation with Syrian migrants in Turkey is quite different. Firstly, ethnic 

Turks from Bulgaria were able to join the formal labor market. Secondly, they did not 

encounter any language barriers. To analyze the effects of Syrian workers in Turkey, 

Çeritoğlu, Yüncüler, Torun & Tumen (2017) stated that employment losses were 

incurred due to the influx of Syrian refugees. Additionally, this situation led to a 

decline in labor force participation and the job-finding ratio (Çeritoğlu & Yüncüler, 

2017). From the other perspective, Tanrıkulu (2022) assumes that Syrian migration 

inflows to Turkey led to an increase in Turkey’s economic growth by increasing 

demand for the possessions. However, in the short run, the migration also led to 

increase in inflation and unemployment (Tanrıkulu, 2020). Wagner & Del Caripo 

(2015) explained the influx of Syrian refugees into Turkey caused a decrease in the 

proportion of natives in the informal sector. Also, less skilled employment was 

increased for men in Turkey (Wagner & Del Caripo, 2015). Ceritoğlu et al. (2017) 

used a difference-in-differences approach with data from the 2010–2013 Turkish 

Household Labor Force Survey (THLFS) to estimate these effects of Syrian migrants 

on the labor market outcomes for natives in Turkey. They defined the five NUTS-2 

regions with the highest migrant-to-native ratios as the treatment group and used four 

neighboring NUTS-2 regions in eastern Turkey as the control group. Their conclusions 

were based on heteroskedasticity-robust standard errors. As a result, wage outcomes 

have not been affected, while they resulted that there is a negative effect on 

employment outcomes for the natives. However, their analysis is replicated by Aksu 

et. al (2018) and clustered the standard errors at the region-year level, it can be found 

that their claims of statistical significance nearly disappeared. This is likely not 

surprising because their data only extended up to 2013, and their treatment variable 

did not account for changes in migrant intensity between 2012 and 2013. Cengiz and 

Tekgüç (2018) investigate the labor market impacts of Syrian migrants in Turkey. 

They employ both difference-in-differences and synthetic control methods using data 

from the 2004–2015 Household Labor Force Survey (HLFS). However, their analysis 

relies only on 2015 data for the ratio of migrant-to-native. They categorize three 

NUTS-2 regions with the highest migrant ratios as the treatment group and NUTS-2 

regions with the lowest migrant ratios as the control group. Despite having data for 

four years post-treatment, with considerable variation in treatment intensity, they use 

a binary variable to indicate treatment status. In another method, they focus on the 
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treatment intensity across regions, but their key variable of interest remains the 2015 

migrant-to-native ratio, even for the other post-treatment years of 2012–2014. 

Additionally, they only assess four employment outcomes: informal employment, 

overall employment, and employment for two distinct education levels. Their study 

does not consider gender differences or the distinction between informal and formal 

employment. They found no robust results for employment ratio in natives. Authors 

also states that there is more than 10% decrease in the workers’ wages who are 

informally employed. However, native workers with less than a high school education 

do not experience this effect, due to an increase in the proportion of this group in 

formal employment. 

 

Aksu (2018) attempted to estimate the impact of Syrians on natives in the labor market 

using the Difference-in-Differences IV method. Despite not observing a decrease in 

wages and unemployment rates, a decline in total employment for female workers was 

noted. To elaborate on total employment, it was divided into formal and informal 

sectors. While a decline was observed among native workers in the informal sector, 

this was compensated by an increase in employment in the formal sector. Increases in 

product markets led to a rise in labor demand in the formal sector. An increase of 10% 

in the ratio of migrants to natives results in an 8.6% increase in wages (Aksu et. al. 

2018). 

 

Turkum’s 2023 study on the impact of refugees on GDP aligns most closely with the 

objective of this thesis. Employing the DID and 2SLS methods, Turkum attempts to 

assess the impact of Syrians on GDP at the provincial level. Through DID 

methodologies, she endeavors to interpret the migration effect on GDP in the medium, 

short, and long terms. The DID method suggests that if there's no specific effect, the 

difference between treatment and control groups remains constant until the effect 

occurs. Given the possibility of this assumption being flawed, Turkum incorporates 

year-region interaction and fixed effects. Consequently, Turkum (2023) finds a 

negative impact of refugees on GDP in the sort, medium, and long run. Despite sharing 

the same objective of assessing impact of migration with this thesis, Turkum’s (2023) 

analysis takes a different path due to her utilization of the DID method and solely 

focusing on GDP as a dependent variable. 
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Caro’s report which was published by International Labor in 2020, the concentration 

of Syrians in low-skilled, informal jobs is due to the presence of highly skilled workers 

in Turkey. It is estimated that 10% of all Syrian workers have a higher education 

diploma. However, only 28.9% have been able to find jobs in the professional 

category. When examining the specific occupations within the professional category 

that Syrian workers are engaged in, it is evident that half of them are working as 

teachers without work permits, further narrowing the range of available professions 

for this group. 

 

Çakır et al. (2021) used the Differences-in-Differences IV method, demonstrates that 

the number of child laborers in the informal sector decreased following the influx of 

Syrian refugees, with no discernible effect observed in the formal sector. Regarding 

gender, it was found that school enrollment rates increased only among boys. Every 

10 Syrian refugees led to the displacement of 7 native male child laborers, indicating 

an increase in school enrollment. While 5 out of 10 female child laborers lost their jobs 

due to the influx, no increase in school attendance was observed among them. Most of 

these cases involved individuals attempting to balance both school and work 

simultaneously. Of the 7 displaced male child laborers, 4 are those who used to 

combine school with work and transitioned to attending school full-time. The other 3 

who are not employed made a transition from only employed status to only enrolled 

status, so there is no change in NEET (Not in Education, Employment, or Training) 

status for male children, while out of the 5 girls who lost their jobs, 2 have transitioned 

to NEET status. It can be said that refugee impact on girls’ human capital accumulation 

is more negative than that of boys (Çakır et. al, 2021). 

 

Balkan & Tumen (2016) aimed to investigate the impact of migration on consumer 

prices using the Difference-in-Differences (DiD) method. They employed the natural 

logarithm of price levels as the dependent variable. Following their DiD analysis, they 

found that consumer prices decreased by 2.5%. The reason identified for this was the 

entry of Syrian migrants into the informal sector, where they worked for much lower 

wages compared to natives. They demonstrated that in provinces with a high 

concentration of refugees, the presence of the informal sector led to lower consumer 

prices. The labor cost advantage contributed to the decrease in consumer prices 

(Balkan & Tumer, 2016). 
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 Definition of Development Indexes 

Contrary to popular belief, politicians and economists do not focus on increasing GDP 

solely to increase citizens' wealth. Governments' main action for comprehensive 

development is improving their citizens' living conditions in terms of wealth, wellness, 

and security. Since it is a global discussion for all policymakers and economists, 

various indexes have been created by several institutions. One of the most popular 

publications that include variables to measure general development is the Human 

Development Index, published by the United Nations Development Programme. There 

are several articles that highlight the significance of the Development Index for 

different regions. Ranis & Stewart (2003) assumed that there is a significant positive 

effect between HDI and GDP. Moreover, the significance of HDI’s influence on GDP 

is greater than GDP’s influence on HDI. Therefore, increasing GDP alone is not 

sufficient for wealth and development. As stated, since HDI covers a variety of fields 

indicating development in extensive areas, states endeavor to increase the HDI in their 

localities. 

HDI enables comparison of specific zones in terms of socio-economic development. 

Multifarious variables that reflect development factors were implemented into HDI in 

some of the organization's calculations. Moreover, it is expected that some variables 

are seasonal and unique to the years calculated since technological processes are 

developing day by day. Technological accessibility to new innovations becomes easier 

when another innovation takes place (e.g., the existing mobile phone per citizen ratio). 

Consequently, when accessibility to one factor increases and spreads to all regions, it 
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can be neglected in calculating HDI to prevent including insignificant variables into 

the data, thus avoiding biased data for the SEGE report published periodically by the 

Turkish Government. Conversely, some institutions, such as UNDP, have been 

calculating HDI with the same variables for 20 years to make comparisons easier. 

UNDP variables are time-independent, such as GDP per capita and life expectancy 

indexes. For comparison, using UNDP reports creates a robust model since the 

variables to calculate the development index are stable and time-invariant, while SEGE 

is changing. Also, according to SEGE’s report, making comparisons between SEGE 

reports does not create efficient and reliable results since the variables to calculate the 

Development Index do not remain equal between the SEGE reports. Even though the 

variables remain equal, their weights change due to the calculation method of the 

index, which is Principal Component Analysis (PCA). PCA enables measuring the 

development points by creating a main component that contains many variables whose 

weights change accordingly. In conclusion, since the UNDP reports’ index calculation 

method is the same for all time periods, UNDP reports are considered in calculations. 

Therefore, the UNDP report is taken as a reference in this paper to create unbiased 

expressions. 

The UNDP (United Nations Development Programme) is an organization founded in 

1965 whose main purposes are ending poverty, reducing inequality between regions, 

building democratic governance, and preventing climate change. To achieve some of 

these purposes, UNDP developed a model to calculate HDI to reflect the development 

points of different regions. Another purpose of publishing Human Development 

Reports is to create a development network worldwide. The organization works with 

governments and municipalities in 166 countries to augment development to prevent 

poverty and child deaths and increase life expectancy. To value the HDI, UNDP 

created an HDI Index in 1990. Further UNDP reports also include several indexes to 

calculate specific development metrics in various branches, such as the Gender 

Inequality Index (GII), Inequality-Adjusted Human Development Index (IHDI), and 

Gender Development Index (GDI). These indexes will be discussed in detail in the 

next sections. 
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 Variables to Calculate HDI (Source: UNDP). 

As mentioned above, the variables used to calculate HDI are the same in all UNDP 

reports. This consistency allows for comparisons between previous and subsequent 

UNDP reports. There are three main indexes used to calculate HDI: the Life 

Expectancy Index, the Education Index, and the Standard of Living Index. The average 

of these indexes constitutes the HDI. To calculate the Life Expectancy Index, several 

measurements are used, such as mortality ratio, probability of living to a specific age, 

and total years lived after a specified age. The variables used to calculate the Education 

Index include schooling rates in primary and secondary schools. There is one main 

variable used to calculate the "Standard of Living Index," which is GDP per capita. 

 

 Türkiye’s HDI Ranking Between the Regions (UNDP, 2022). 

Türkiye’s ranking among countries has been increasing day by day. According to the 

2022 UNDP data, Türkiye ranks 45th out of 193 countries and is among those with a 

very high development index. Based on the 2022 data, Türkiye has been in the very 
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high human development category (the highest of the four categories) for the fourth 

consecutive year. It is observed that Türkiye’s HDI score decreased only one year 

during the pandemic period. Since our study is based on provinces, although Türkiye’s 

regional ranking will be mentioned, further details will not be provided. 

The last report from UNDP that includes Türkiye’s provincial HDI data was published 

in 2004. After the 2004 report, there have been no calculations of HDI at the provincial 

level. Since 2004, UNDP has started publishing HDI reports for global rankings 

between countries only. Therefore, there is no official measurement for the provinces. 

 Limitations about the Dataset 

Making comparisons between provinces is vital for creating a model to investigate the 

effects of development across different zones. Since there are no official publications 

for making comparisons between the provinces of Türkiye, Yiğiteli & Şanlı's (2020), 

which calculates the HDI province by province, is taken as a reference. Several papers 

have attempted to calculate HDI in numerous ways using UNDP’s method. 

Specifically, Yiğiteli & Şanlı (2020) provided a way to make comparisons between 

provinces over a period of 10 years. This publication creates a model that follows the 

same method as the UNDP to calculate indexes such as HDI, IHDI, GII, and GDI 

between 2009 and 2018. They use the same method and variables as the UNDP. For 

their dataset, they use several sources from Turkish Government Publications and the 

Turkish Statistical Institute (TÜİK/TURKSTAT). Therefore, the data used for 

comparison spans the years 1995-2018. Additionally, some indexes (IHDI, GII) were 

introduced by the UNDP in 2010. Yiğiteli & Şanlı (2020) also calculated these indexes 

using the same methods as the UNDP for Turkey's provinces between 2009 and 2018. 

Hence, for the indicated indexes, the calculation covers the years 2009-2018 (Yiğiteli 

& Şanlı, 2020). 

Consequently, several indexes published by the UNDP indicate poverty, inequality, 

and wealth across regions and genders. Since the UNDP has not calculated the indexes 

of provinces since 2000, the paper of Yiğiteli & Şanlı (2020) was used as a reference 

for these expressions. 
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Indexes consist of multiple sub-indexes. Due to the lack of data on the sub-indexes, I 

was unable to analyze how changes in the sub-dimensions affected the main index; I 

could only analyze how Syrians affected the main indexes (HDI, IHDI, GDI, GII). 

The effect of including covariates, such as population and dependency ratio growth, 

on the results was examined. However, in the Synthetic Difference-in-Differences 

(SDID) method, adding covariates disrupts the method’s flexbility, leading to less 

reliable results. According to Arkhangelsky (2021), instead of adding covariates, 

adjusting the fixed effects, unit weights, and time weights used in the SDID method 

provides more accurate data. Therefore, covariates were not included in the analysis. 

 Explanation of UNDP’s Human Development Index 

There is a significant relationship between the population and the socio-economic 

variables that include population size, population growth rate, and age distribution. 

These variables reflect the effective population distribution. Demographic transition 

refers to a period where birth rates are higher and death rates are lower compared to 

earlier eras. This transition period shows an increased ratio of the working-age 

population, which boosts development, as this ratio is significantly higher. 

Consequently, development rapidly increased during this period. According to the 

United Nations definition, during the demographic transition era, the proportion of 

people aged over sixty-five is less than 15% of the total population, while the 

proportion of the youth population (under 15) is below 30% (UN, 2004). Therefore, 

the Life Expectancy Index can be considered a vital indicator of development. 

Secondly, since the population of those who can work is higher during this period, 

increasing the quality of education and the health sector can lead to significant 

improvements in the efficiency and quality of the workforce. Thus, years of schooling 

need to be considered for development. On the other hand, Gross National Income 

(GNI) per capita is a crucial indicator, as it can be determined by considering the 

quantity and quality of resources in a specified region.  

2.3.1 Components of HDI 

As mentioned above, there has been no official data from the UNDP for the provinces 

in Turkey since the UNDP shifted to publishing new reports from a regional 

perspective. Provinces have not been included in their publications since the 2004 
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report. Therefore, Yiğiteli & Şanlı (2022)’s HDI points are used for the years 2009 to 

2018, year by year. Additionally, since their calculation method is the same as the 

UNDP's, the calculations from 1996, 1997, and 2000 are taken from the UNDP report. 

 

 HDI Calculation Dimensions (UNDP, 2023).  

There are limitations to the UNDP calculation in Yiğiteli & Şanlı (2020)’s article due 

to a lack of data from Turkish Government reports. To calculate HDI, the Life 

Expectancy Index needs to be determined. Life expectancy at birth reflects the overall 

death rates. Additionally, when death rates remain stable over time, life expectancy 

can also represent the average years of life expectancy for the population (WHO, 

2006). To calculate the expected living years, the government's life data, known as the 

Life Chart, can be referenced for different age groups and genders. However, the Life 

Chart is published by the Turkish Government only once every three years. Therefore, 

the authors attempted to create a new dataset for each year that is compatible with 

UNDP’s HDI calculation for each gender. 

Moreover, due to the lack of detailed data that does not include every individual age, 

the Turkish government groups ages into ranges. This grouping presents additional 

challenges for accurately calculating life expectancy and, consequently, the HDI. 

𝑑௡௫ = death count for the ages between x and x+n, 

𝑞௫௡ = probability of death until x+n for the people that is in x ages,  

𝑑௫௡ = death count between the ages of x and x+n in the Life chart , 

 𝐼௫= people who reaches the age of x, 

𝐿௫௡= total years which population live between the x and x+n, 

𝑇௫ = the total living years after the age of x, 



19 

𝑒௫-= expected living years after the age of x, 

𝑎௫௡= the average living years of the dyed people between the years x and x+n, 

  

𝑑௫௡ ൌ 𝑞௫௡ 𝐼௫
⬚ ൌ 𝐼௫ ൅ 𝐼௫ା௡    (2.1) 

𝐿௫௡ ൌ ሺ𝑛 𝐼௫ା௡ሻ, ൅ሺ𝑑௫௡𝑎௫௡ሻ    (2.2) 

𝑇௫ ൌ ∑ 𝐿ఈ
ஶ
௔ୀ௫     (2.3) 

𝑒௫ ൌ 𝑇௫ ോ 𝐼௫     (2.4) 

In equation 2.1, the total death between the years of x and x+n is calculated. After that, 

total years of the population which lives between x and x+n is calculated with the 

equation of 2.2. There is no actual data for ax. So, according to Preston, ax is taken as 

an ax= n/2. The total living years after the age of x, 𝑇௫, can be calculated with equation 

2.3. After that, with equation 2.4, life expectancy at birth has been calculated. 

The second variable is the education index which contains mean years of schooling 

and expected years of schooling Expected years of schooling (EYS) indicates the time 

period that a school age child can take in his/her lifetime between the first school year 

and the last. EYS is calculated according to the equation 2.5 

𝐸𝑌𝑆ఈ ൌ ෍
ா೔,೗

௉೔

௡

௜ୀఈ
൅

ாೠ,೗

ௌ஺௉೗
𝐷௟   (2.5) 

𝐸௜,௟: 𝑖 age group registered to 𝑙 school level 

𝑃௜ : population of age group i   

𝐸௨,௟: unknown age group registered to 𝑙 school level 

𝑆𝐴𝑃௟ : all population needs to be registered in 𝑙 school level 

𝐷௟ : theoretical education year for the 𝑙 education level 

 

Yiğiteli & Şanlı (2020) could not use the calculation mentioned above due to a lack of 

data. As an alternative, Yeşilyurt’s (2016) method (Eq. 2.6) is used to measure 

Expected Years of Schooling (EYS). 

𝐸𝑌𝑆 ൌ ∑ 𝐸𝑅௟
଻
௟ୀଵ ⋅ 𝐷௟       (2.6) 

𝐸𝑅௟: net schooling rate for the l educational level 

𝐷௟ : theoretical education year for the l education level 
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Another calculation is to measure the schooling index called "Mean Years of 

Schooling" (MYS), which reflects the average number of schooling years among the 

total population aged 25 and above who have completed their education. Equation 

2.3.2.7 reflects the MYS (UNESCO, 2013). 

𝑀𝑌𝑆 ൌ ∑ ∑ 𝐻𝑆ఈ௟𝑌𝑆ఈ௟௟௔      (2.7) 

𝐻𝑆ఈ௟:  net schooling rate for the l educational level 

𝑌𝑆ఈ௟:  theoretical education year for the l education level when 𝑎 age group is in 

school 

𝑎 =age groups (25-29,30-34,35-39….65+) 

TÜİK considers that the educational year is denoted as "l" for literate people who have 

not received any formal education in school. 

The third index is GNI, which dataset is obtained from TÜİK province by province. 

No additional calculation is required to obtain GNI. 

In conclusion, to calculate the schooling index, the arithmetic mean of the EYS index 

and MYS index needs to be taken. For the income index, it is noted that as income 

increases, its effect on wealth decreases, as per the concave transformation function of 

income to capabilities, according to Amand & Sen (2000). Therefore, the natural 

logarithms of the actual, minimum, and maximum values are used to calculate the 

income index in Equation (2.8). 

 

To calculate HDI, three indexes need to be dimensioned with dimension indexes using 

the equation mentioned above. With the dimension index, all the indexes exist with a 

value between 0 and 1. 

𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 𝑖𝑛𝑑𝑒𝑥 ൌ ௔௖௧௨௔௟ ௩௔௟௨௘ ି௠௜௡௜௠௨௠ ௩௔௟௨௘

௠௔௫௜௠௨௠ ௩௔௟௨௘ି௠௜௡௜௠௨௠ ௩௔௟௨௘
  (2.8) 

 

Determining the maximum and minimum values is explained in the UNDP HDI 

report’s technical notes. For the life expectancy index, researchers suggest that the 

minimum life expectancy at birth is 20 and the maximum is 85 (Maddison 2010; 

Oeppen and Vaupel 2002; Riley 2005). UNDP adopts these values as a reference. 

The second index is schooling indexes, with a minimum of 0 years of schooling. The 

maximum for expected years of schooling is set at 18, which is sufficient to obtain a 

master’s degree in most regions. 
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The final index is GNI per capita, with a minimum value of $100 and a maximum of 

$75,000 per capita. According to UNDP, only five countries (Liechtenstein, Qatar, 

Singapore, Ireland, and Luxembourg) had a GNI per capita exceeding $75,000 in 2022. 

After all the indexes are calculated separately, the geometric mean of the three 

dimensions is computed in order to calculate HDI (Eq. 2.9).  

𝐻𝐷𝐼 ൌ ሺ𝐼௛௘௔௟௧௛ ⋅ 𝐼௘ௗ௨௖௔௧௜௢௡ ⋅ 𝐼௜௡௖௢௠௘ሻଵ
ଷൗ                 (2.9) 

 Explanation of IHDI (Inequality-adjusted Human Development Index) 

Even though Turkey's HDI is increasing day by day, the inequality of HDI between 

provinces is also increasing. It can be observed that the HDI of some regions is 

increasing, while that of others remains the same or even decreases. To reflect this 

trend, Yiğiteli and Şanlı’s article needs to be analyzed. While HDI was the primary 

concern of researchers until the last decade, the Inequality-Adjusted Human 

Development Index (IHDI), which reflects inequality within a specific area, was 

introduced by the UNDP in 2010.  

 

 IHDI Calculation Dimensions (UNDP,2023). 

Inequality-Adjusted Human Development Index calculates the inequality by using the 

calculation; 

𝐴௫ ൌ 1 െ ቀ௚ೣ

ఓೣ
ቁ    (2.10) 

Where 𝐴௫ represents the inequality ratio and 𝑔௫, 𝜇௫ denote the geometric average of a 

dimension for calculating HDI and the arithmetic mean of the same variables, 

respectively. Remarkably, according to UNDP technical data, since the HDI is 
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calculated using aggregates at the country level, such as national accounts for income, 

additional dataset resources are required to gather various observations into the 

distribution for calculating the IHDI. In the UNDP calculation, life expectancy data is 

referenced from UNDESA’s life tables (2022), where mortality rates and related 

information for age groups are available. Unfortunately, there is no explanation in 

Yiğiteli & Şanlı’s paper regarding the datasets used for calculating the IHDI. 

𝐼௫
∗ ൌ ሺ1 െ 𝐴௫ሻ𝐼௫    (2.11) 

To calculate IHDI, the following calculation is used where 𝐼௫ represents the specific 

index for a specified dimension and 𝐼௫
∗ is the IHDI of specified dimension. 

𝐼𝐻𝐷𝐼 ൌ ሺ𝐼௛௘௔௟௧௛
∗ ⋅ 𝐼௘ௗ௨௖௔௧௜௢௡

∗ ⋅ 𝐼௜௡௖௢௠௘
∗ ሻଵ

ଷൗ    (2.12) 

The total IHDI can be calculated by taking the geometric average of all groups 

multiplied by the inequality indexes (Eq. 2.12). In conclusion, IHDI allows for 

comparisons between provinces. However, since the index was introduced in 2010, 

there are no measurements of IHDI in UNDP reports before 2010. When considering 

Yiğiteli’s calculations, they computed the IHDI province by province for the period 

between 2009 and 2018. Lastly, according to the equations, IHDI cannot exceed HDI; 

it is dependent on the HDI. A lower IHDI implies higher inequality, as when inequality 

in the country is zero, HDI equals IHDI.  

 Gender Development Index 

 

 GDI Calculation Dimensions (UNDP,2023). 
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There is another index that reflects the inequalities of HDI between genders, which is 

named GDI (Gender Development Index). GDI has been included in UNDP’s Human 

Development Reports since 1995, providing an opportunity to make comments and 

comparisons between different years. Briefly, GDI is the ratio of women’s HDI to 

men’s. Therefore, HDI needs to be calculated separately for women and men when 

computing GDI. When the ratio converges to 1, it can be said that HDIs are equal 

between genders.  

𝐻𝐷𝐼௙ ൌ ൫𝐼௛௘௔௟௧௛
௙ ⋅ 𝐼௘ௗ௨௖௔௧௜௢௡

௙ ⋅ 𝐼௜௡௖௢௠௘
௙ ൯

ଵോଷ
    (2.13) 

𝐻𝐷𝐼௠ ൌ ሺ𝐼௛௘௔௟௧௛
௠ ⋅ 𝐼௘ௗ௨௖௔௧௜௢௡

௠ ⋅ 𝐼௜௡௖௢௠௘
௠ ሻଵോଷ   (2.14) 

𝐺𝐷𝐼 ൌ ு஽ூ೑

ு஽ூ೘     (2.15) 

GDI does not accurately reflect gender inequalities. It solely indicates the ratio of HDIs 

between genders. 

𝑆௙ ൌ
൫ௐ೑ോௐ೘൯ா஺೑

൫ௐ೑/ௐ೘൯ா஺೑ାா஺೘
 𝑎𝑛𝑑 𝑆௠ ൌ 1 െ 𝑆௙   (2.16) 

𝑆௙ : female share of wage bill, 

𝑆௠: male share of wage bill, 

𝑊௙/𝑊௠ : female to male wage ratio, 

𝐸𝐴௙: the female shares of the economically active population, 

𝐸𝐴௠ : the male share of the economically active population, 

 

𝐺𝑁𝐼𝑝𝑐௙ ൌ 𝐺𝑁𝐼𝑝𝑐 𝑆௙ ോ 𝑃௙    (2.17) 

𝐺𝑁𝐼𝑝𝑐௠ ൌ 𝐺𝑁𝐼𝑝𝑐 𝑆௠ ോ 𝑃௠    (2.18) 

 

Estimated female earned income per capita (𝐺𝑁𝐼𝑝𝑐௙ ) and Estimated male earned 

income per capita (𝐺𝑁𝐼𝑝𝑐௙) are obtained from the equation above, where 𝑃௙ ൌ 𝑁௙ ോ 𝑁 

represents the female share of the population and 𝑃௠ ൌ 1 െ 𝑃௙ represents the male 

share of population.  

𝑆௙ and 𝑆௠are sourced from the Republic of Turkey Presidency of the Social Security 

Institution for Yiğiteli & Şanlı (2020)’s calculations. They gathered data province by 

province, and the economically active population can be calculated through re-

calculation based on TÜİK datasets by researchers. Schooling levels for each gender 
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are sourced from three different Turkish government official reports (MEB, TÜİK, 

YÖK). 

 Gender Inequality Index 

The Gender Inequality Index (GDI) has limitations as it is significantly dependent on 

HDI and cannot be separated from it. To overcome these limitations, the Gender 

Inequality Index (GII) was introduced by UNDP in 2010. Since there is inequality 

between genders in health, empowerment, and the labor market, GII measures the gap 

between male and female access in these areas. Unlike classical development indexes, 

various metrics are used to calculate GII, such as female and male shares of 

parliamentary seats and female and male labor force participation rates. According to 

UNDP, GII consists of three main dimensions: reproductive health, empowerment, and 

the labor market. 

 

 

 Calculation of GII (UNDP,2023). 

Minimum value for the indexes needs to be taken 0.1% since geometric mean cannot 

be taken 0. For maternal mortality, the maximum value is 1000 deaths per 100,000 

births and the minimum value is 10.  

𝐺ி ൌ ටቀ ଵ଴

ெெோ
⋅ ଵ

஺஻ோ
ቁ

ଵോଶ
൫𝑃𝑅௙𝑆𝐸௙൯

ଵ/ଶ
𝐿𝐹𝑃𝑅௙

య
   (2.19) 

𝐺ெ ൌ ඥሺ𝑃𝑅ெ𝑆𝐸ெሻଵ/ଶ𝐿𝐹𝑃𝑅ெ
య     (2.20) 

Aggregation formulas for the genders are stated in Calculation 2.19 and 2.20.  For the 

parliamentary seat ratios, the municipalities’ seat percentages for genders are used for 

calculation.  
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Unfortunately, since GII was published in 2010, there is no data to compare to GII for 

earlier years. 

 

𝐻𝐴𝑅𝑀൫𝐺௙, 𝑀ெ൯ ൌ ቂ
ሺீಷሻషభାሺீಾሻషభ

ଶ
ቃ

ିଵ
   (2.21) 

 

Harmonic mean is utilized to express the indices in equation 2.21. Employing the 

harmonic mean of within genders’ geometric averages signifies the disparity between 

genders. It addresses the intersecting inequalities across different dimensions.  

Taking geometric means of the arithmetic means of each indicator for all genders. 

 

𝐺ி,ெ ൌ ඥ𝐻𝑒𝑎𝑙𝑡ℎതതതതതതതതത ⋅ 𝐸𝑚𝑝𝑜𝑤𝑒𝑟𝑚𝑒𝑛𝑡തതതതതതതതതതതതതതതതതതതത ⋅ 𝐿𝐹𝑃𝑅തതതതതതതయ     (2.22) 

𝑤ℎ𝑒𝑟𝑒 𝐻𝑒𝑎𝑙𝑡ℎതതതതതതതതത ൌ ቆට ଵ଴

ெெோ
⋅ ଵ

஺஻ோ
൅ 1ቇ ോ 2   (2.23) 

𝐸𝑚𝑝𝑜𝑤𝑒𝑟𝑚𝑒𝑛𝑡തതതതതതതതതതതതതതതതതതതത ൌ  ൫ඥ𝑃𝑅ி 𝑆𝐸ி ൅ ඥ𝑃𝑅ெ𝑆𝐸ெ൯ ോ 2   (2.24) 

𝐿𝐹𝑃𝑅തതതതതതത ൌ ௅ி௉ோಷା௅ி௉ோಾ

ଶ
     (2.25) 

 

Health is not calculated as an average of the indices. 

 

Utilizing the harmonic mean of within-group geometric averages highlights the 

disparity between women and men while also compensating for the correlation 

between several factors. Essentially, it addresses the intersecting inequalities across 

different dimensions by using Equation 2.26. 

𝐺𝐼𝐼 ൌ 1 െ ு஺ோெሺீಷ,ீಾሻ

ீಷഥ,ಾതതത
     (2.26) 

To calculate GII, adolescent birth rate and birth death rate are derived from TÜİK data, 

while the gender ratio of parliamentary seats for local municipalities is sourced from 

TÜİK, given that provinces are being calculated. Schooling rates are obtained from 

MEB, TÜİK, and YÖK. 
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 Used Dataset for the Calculation 

Although many reports have been published by UNDP, those issued after 1997 were 

particularly significant for creating a comparison model due to missing provinces in 

previous reports. The reason for the missing provinces is that Turkey's number of 

provinces increased to 81 in 1999. The 1997 report contains only 76 provinces due to 

undivided areas that were to be separated from their mother provinces by 1999. 

Missing provinces can be estimated using a projection method. 

Since the methods are mentioned above, the reports will not be investigated in detail. 

Rankings and index points are noteworthy in UNDP reports. After explaining the 

rankings, a comparison between UNDP and HDI will be made. 

UNDP reports containing indexes calculated by the organization itself cover the years 

1995, 1997, and 2000. To avoid confusion, the year considered for calculation is taken 

as the reference for making a robust comparison between the reports. After 2000, there 

is no official data from UNDP reflecting the indexes among provinces. As mentioned 

above, Yiğiteli & Şanlı (2020) serves as a reference, enabling a comparison between 

the years 2009-2018. Since the Syrian Civil War began in 2011 and significant 

immigration occurred in 2013, there are 8 years of pre-treatment and 6 years of post-

treatment. 

Although UNDP reports provide more data for a period than SEGE, they reflect 

unbalanced HDI rankings in some regions and provinces. This may be reasonable since 

there are no rankings between 2000 and 2009. With the new decade after 1990, 

technological revolutions and their impacts have significantly changed the global 

economic development trend. Therefore, it can be said that some regions could not 

keep up with the trend. For instance, Gaziantep’s HDI ranking was 36, 39, and 30 in 

1995, 1997, and 2000 respectively. Surprisingly, HDI rankings between 2009 and 

2018 fluctuate between 61 and 66. Another province with very unbalanced HDI points 

is Hatay, whose ranking was 30 in the 1995 calculation, 33 in 1997, and 26 in the 2000 

HDI index. Similarly, Hatay's ranking fluctuates between 51 and 56 between the years 

2009 and 2018. 
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 Provinces that is in Top 10 Between 14 Reports, 1995-2018. 

 

According to UNDP reports, the northwest of Turkey tends to dominate the HDI 

levels. However, certain provinces located outside the northwest region also feature 

on the list, such as Antalya, Rize, Tunceli, and Ankara. SEGE authors posit that if a 

province has a very high HDI relative to other provinces in a specific area, it can 

positively impact the HDI of its neighboring provinces. For example, Istanbul and 

Izmir are major metropolises with the highest HDI rankings in Turkey. As these cities 

become increasingly saturated due to factors such as population growth and traffic 

congestion, people tend to migrate to neighboring provinces rather than to the 

metropolises themselves. Additionally, stakeholders often invest in these nearby 

provinces as they are generally more affordable than the metropolises. In conclusion, 

the highest-ranked cities in terms of HDI may contribute to an increase in the HDI of 

their neighboring provinces. 

2.7.1 Dataset Years for Indexes  

Yiğiteli & Şanlı (2020) provide unbiased data since all the calculation methods remain 

consistent. Therefore, a dataset has been created, and Table 2.1 displays the data used 

for the calculation. As IHDI and GII were developed by UNDP in 2010, there are no 

official indexes for IHDI and GII at the province level. Therefore, Yiğiteli & Şanlı’s 

calculations, which cover the years 2009-2018 for the provinces, are utilized. 

 Used Datasets for Calculate Immigrant Effect on Development. 

Index UNDP Yigiteli & Sanli 

HDI 1996,1997,2000 2009-2018 
IHDI - 2009-2018 
GDI 1997,2000 2009-2018 
GII - 2009-2018 
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2.7.2 Comparison Groups in Province Level for Analysis  

To compare Turkey’s 81 provinces, two groups are cumulated: treatment groups and 

control groups. This comparison aims to assess the impact of immigration on 

development. As immigrant flow varies non-uniformly and sequentially, partial 

treatment groups are created for calculation. The provinces significantly affected by 

immigration are identified from Kayaoğlu (2022). The treated provinces are those that 

host more than 2% of Syrian refugees (Figure 2.8). Normally, Edirne needs to be 

excluded from the treatment group in 2018. However, since the effect of immigration 

is considered to persist permanently in the SDID calculation method, Edirne is 

included in the treatment group for 2018.  

 

 Staggered Treatment Timing across Provinces (Kayaoğlu,2022). 
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 IDENTIFICATION   

 Synthetic Difference in Differences (SDID) Method 

There are commonly two methods used to analyze policy effects: Difference in 

Differences (DiD) and Synthetic Control Method (SCM). These methods help assess 

whether policy decisions have a significant impact on affected units. Policy makers 

seeking to implement similar rules can refer to these research findings. However, these 

methods may not be able to investigate decision effects comprehensively. The main 

idea behind these methods is to explain the effects and significance level of an event 

that occurred in a specific time and area by comparing units exposed to the change 

with those that are not. Abadie & Gardeazabal (2003) investigated the effects of 

conflicts on GDP, marking one of the initial publications using the Synthetic Control 

Method (Abadie & Gardeazabal, 2003). Similarly, Autor, Levy & Murnane (2003) 

explored how technological revolutions can affect capital using Difference in 

Differences. These publications share a common characteristic: they have a certain 

time threshold that causes revolutionary changes in some units (Levy & Autor & 

Murnane, 2003). 

Choosing the appropriate estimator for specified data is crucial as methods have 

different ways of making assumptions. For instance, Arkhangelsky et. al (2019) 

investigated the average effect of increased taxes on California per capita cigarette 

sales over twelve post-treatment years, calculated using SCM, was compared with 

several estimators. The estimation coefficient differed by approximately 40% between 

the methods (SC estimate is -19.6 while DID estimation is -27.3). Hence, selecting the 

right method is vital for researchers aiming to explain unit effects (Arkhangelsky et 

al., 2019). 
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DID is used when researchers aim to make a "parallel trends" assumption between 

variables across several units. It requires the units to exhibit parallel trends to obtain 

unbiased results. Relative to SCM, DID allows for the use of wider units of data, as it 

remains unchanged with unit-level shifts. However, using units with dissimilar 

measurements can lead to biased estimations. In DID, there are no unit weights that 

fix the data. 

On the other hand, SCM attempts to create equal measurements between units before 

the treatment period by calculating unit weights and applying them. It enables 

comparison of the units' pre-exposure trends to observe treatment effects on the 

treated. However, using numerous treatment variables in SCM can introduce bias, as 

the estimator attempts to create similar units in the pre-treatment period. 

Arkhangelsky et. al (2019) introduced the SDID method, which combines DID and 

SCM. This method weights and creates parallel trends between units in the pre-

treatment period to reduce reliance on parallel trend assumptions, similar to SCM. 

Furthermore, SDID allows for data to remain invariant to additional unit-level shifts, 

and it enables valid large-panel interference, like DID method. Hence, SDID may 

provide more robust estimations compared to DID and SCM. However, when there is 

heterogenicity in outcomes among units or time periods, giving unequal weights to 

these units and periods could decrease the reliability of estimates compared to the DID 

estimator. 

 

Figure 3.1 : Visual Expression of Three Methods, SDID, SCM and DID 
(Arkhangelsky et al. 2019). 
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The visualization of the methods can be observed in Figure 3.1. Additionally, SDID 

incorporates the use of time weights method, allowing for the exclusion of periods that 

may distort parallel trends by weighting the control group accordingly. 

Next section elaborates on the mathematical expression of SDID and outlines the 

distinctions between the other two methods, DID and SCM.  

 Mathematical Expressions for Synthetic Difference in Differences 

To calculate the Average Treatment Effect on the Treated (ATT) using the SDID 

Estimator, the first step is to calculate 𝜔ෝ⬚, needs to be calculated in order to determine 

the pre-exposure trends in the control group. which helps determine the pre-exposure 

trends in the control group. Let's consider a panel dataset with N units and T time 

periods. The outcome for unit i at time period t is denoted by 𝑌௜௧. he binary treatment 

variable can be expressed as Wit {0,1}, where control units, denoted as 𝑁௖௢, never 

received the treatment, and treatment units, denoted as 𝑁௧௥, were exposed to the 

treatment.  

෍ 𝜔ෝప
෢

⬚

௦ௗ௜ௗ
𝑌௜௧

ே೎బ

௜ୀଵ
ൌ 𝑁௧௥

ିଵ ෌ 𝑌௜௧  𝑓𝑜𝑟 𝑎𝑙𝑙 𝑡 ൌ 1 … . . 𝑇௣௥௘
ே

௜ୀே೎೚ାଵ
  (3.1) 

 

In order to explain more detailed unit weights:  

൫𝜔ෝ଴, 𝜔ෝ௦ௗ௜ௗ൯ ൌ 𝑎𝑟𝑔𝑚𝑖𝑛
ఒబఢℝ,ఒఢ∧⬚

𝑙௨௡௜௧ሺ𝜔଴, 𝜔ሻ,  (3.2) 

𝑤ℎ𝑒𝑟𝑒 𝑙௨௡௜௧ሺ𝜔଴, 𝜔ሻ ൌ  ෍ ቀ𝜔଴ ൅ ∑ 𝜔௜𝑌௜௧
ே೎೚
௜ୀଵ െ 1

𝑁௧௥
ൗ ∑ ൅𝑌௜௧

ே
௜ୀே೎೚ାଵ ቁ

ଶ೛்ೝ೐

௧ୀଵ
൅ 𝜁ଶ𝑇ఘ‖𝜔‖ଶ

ଶ (3.3) 

𝛺 ൌ ሼ 𝜔𝜖ℝା
ே: ∑ 𝜔௜

ே೎೚
௜ୀଵ ൌ 1,  𝜔௜ ൌ 𝑁௧௥ 

ିଵ 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖 ൌ  𝑁௖௢  ൅ 1, … … , 𝑁  ሽ , 

 

Where ℝା
ே detones the positive real line. Regulation parameter 𝜁⬚ can be set as:   

𝜁⬚ ൌ  ൫𝑁௧௥ ⋅ 𝑇௣௢௦௧൯
ଵ/ସ⬚

𝜎ො     (3.4) 

𝜎ଶ ൌ ଵ

ே೎೚൫ ೛்ೝ೐ିଵ൯
෍ ෌ ሺ𝛥௜௧ െ 𝛥̅ሻଶே೛ೝ೐ିଵ

௧ୀଵ

ே೎೚

௜ୀଵ
   (3.5) 

 

𝛥௜௧ = 𝑌௜ሺ௧ାଵሻ െ 𝑌௜௧ and 𝛥̅ ൌ ଵ

ே೎೚൫ ೛்ೝ೐ିଵ൯
෍ ∑ 𝛥௜௧

ഐ்ೝ೐ିଵ
௧ୀଵ

ே೎೚

௜ୀଵ
   (3.6) 
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ζ is a regularization parameter which enables matching size of one period outcome 

change 𝛥௜௧ for the control group before the treatment period. After a one-period 

outcome change is calculated, it needs to be multiplied with motivated scaling 

൫𝑁௧௥ ⋅ 𝑇௣௢௦௧൯
ଵ/ସ

 in order to gain a regularization parameter. The difference between 

the classical Synthetic Control (SC) and SDID methods in calculating unit weights lies 

in the presence of the intercept term𝜔଴   in the SDID method. This term exists because 

there is no need to create a trend that perfectly matches the treatment group. 

Establishing parallel trends between the groups is sufficient, as the fixed effects αi 

eliminate constant differences between different units. The inclusion of the intercept 

unit weight 𝜔଴ facilitates the creation of a similar parallel trend, without which, the 

SDID unit weight calculation would be the same as SC. 

Furthermore, before conducting the estimator calculation, time weights need to be 

computed by solving: 

൫𝜆መ଴, 𝜆መ௦ௗ௜ௗ൯ ൌൌ 𝑎𝑟𝑔𝑚𝑖𝑛
ఒబఢℝ,ఒఢ∧⬚

𝑙௧௜௠௘ሺ𝜆଴, 𝜆ሻ               (3.7) 

𝑙௨௡௜௧ሺ𝜆଴, 𝜆ሻ ൌ  ෎ ൬𝜆଴ ൅ ∑ 𝜆௧𝑌௜௧
೛்ೝ೐

௜ୀଵ െ 1
𝑇௣௢௦௧

ൗ ∑ ൅𝑌௜௧
்
௜ୀ ೛்ೝ೐ାଵ ൰

ଶ
൅ 

೎்೚

௧ୀଵ

𝜁ଶ𝑁௖௢‖𝜆‖⬚
ଶ   (3.8) 

∧ ൌ  ሼ 𝜆 𝜖ℝା
் : ∑ 𝜆௧

೛்ೝ೐

௜ୀଵ ൌ 1, 𝜆௧ ൌ 𝑇௣௢௦௧ 
ିଵ  𝑓𝑜𝑟 𝑎𝑙𝑙 𝑡 ൌ  𝑇௣௥௘  ൅ 1, … … , 𝑇  ሽ   (3.9) 

Although the calculation process is similar for both methods, there exists a difference 

between them. When calculating the time weights, regularization is not applied to 

permit correlated observations within time periods for the same unit, as suggested by 

earlier research findings. 

Once the weights are determined, the estimator can be computed using the equation 

stated above: 

൫𝜏̂௦ௗ௜ௗ, 𝜇̂, 𝛼ො, 𝛽መ൯ ൌ  argmin
ఛ,ఓ,ఈ,ఉ

൜෍ ෌ ሺ𝑌௜௧ െ 𝜇 െ 𝑎௜ െ 𝛽௧ െ 𝑊௜௧𝜏ሻଶ𝜔ෝ௜
௦ௗ௜ௗ𝜆መ௧

௦ௗ௜ௗ்

௧ୀଵ

ே

௜ୀଵ
ൠ  (3.10) 
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 Comparison Between the SDID, DID and SCM 

It is mentioned in equation 3.11 that SDID is a combination of the DID and SCM 

methods. Consequently, generally SDID gives a robust estimation. If the reasons are 

investigated, estimators’ equations between three calculations need to be analyzed. 

DID equation imply that there is no unit or time weights in the DiD estimator while 

SDID has in order to create constant difference between two groups. The similarities 

between the equations are allowing to shared temporal aggregate factors.  

൫𝜏̂ௗ௜ௗ, 𝜇̂, 𝛼ො, 𝛽መ൯ ൌ  argmin
ఛ,ఓ,ఈ,ఉ

൜෍ ෌ ሺ𝑌௜௧ െ 𝜇 െ 𝑎௜ െ 𝛽௧ െ 𝑊௜௧𝜏ሻଶ்

௧ୀଵ

ே

௜ୀଵ
ൠ   (3.11) 

For the SC estimator in Equation 3.12, there is no unit-fixed coefficient since units are 

adjusted by giving unit weights into the control group in pre-treatment period. 

However, adding very much weights in post-treatment periods can create an untrusted 

estimation due to overfitting problems. To prevent this, SDID tries to create constant 

difference between the data. Also, SDID uses time weights 𝜆መ௧
௦ௗ௜ௗ different than SC, if 

some periods create a difference between the groups, the weight of this period is 

decreased to gain accurate data. 

൫𝜏̂௦௖, 𝜇̂, 𝛽መ൯ ൌ  argmin
ఛ,ఓ,ఈ,ఉ

൜෍ ෌ ሺ𝑌௜௧ െ 𝜇 െ 𝛽௧ െ 𝑊௜௧𝜏ሻଶ𝜔ෝ௜
௦௖்

௧ୀଵ

ே

௜ୀଵ
ൠ        (3.12) 

In conclusion, since the SDID uses the beneficial ways of the SC and SDID, it predicts 

more robust consequences rather than older two methods unless there is a 

heterogenicity between the control and the treatment group. 

 Calculation of Staggered Treatment Group by Using SDID 

The staggered treatment group is elucidated in Equation (3.13) to facilitate a 

comparison between the groups. Sequential calculation is imperative to accurately 

reflect the overall effect on development resulting from immigration. Thus, the SDID 

estimator must conduct calculations for each year. Considering Figure 2.6, a total of 7 

calculations are required as the effects of migration commenced in 2012 and persisted 

until 2018. 

 

𝐴𝑇𝑇෣ ൌ ෍ ೛்೚ೞ೟
ഀ

೛்೚ೞ೟
𝜏̂௔

௦ௗ௜ௗ

௙௢௥ ఈ∈஺
     (3.13) 
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where 𝑇௣௢௦௧ comprises all the post-treatment periods observed in treated units that 

require estimation. In summary, the weighted average of all estimations is taken. For 

this study, the estimator calculates the average over 7 years, as the treatment spanned 

from 2012 to 2018. 

 Bootstrap Method for Calculation 

Bootstrap, jackknife, and placebo represent three distinct techniques used in statistical 

analysis for estimating sampling distributions, creating confidence intervals, and 

assessing statistical significance. While both bootstrap and jackknife involve 

resampling processes for comparing results among groups receiving different 

interventions, they differ in their methodologies. Jackknife entails systematically 

extracting one observation at a time from the dataset and estimating bias and variance 

by repeating this process, then comparing the outcomes. On the other hand, Bootstrap 

involves resampling and comparing samples, without the need for systematic 

extraction of individual observations. Bootstrap is generally more flexible and 

applicable to a wide range of statistical calculations, making it suitable for HDI 

calculation. However, the placebo method, which randomizes controlled trials to 

assess treatment effectiveness, is more appropriate for clinical and controlled 

comparisons and is thus not considered in this context. 

The block (bootstrap) method involves generating a substantial number, denoted as B, 

of bootstrap samples from the data. Instead of sampling individual data points, it 

samples entire blocks or clusters of data, referred to as units i, in the resampling 

process. When a resample includes both treated and control units, the estimated 

treatment effect, denoted as 𝜏̂⬚
௦ௗ௜ௗ, is adjusted and labeled as 𝜏̂ሺ௕ሻ

௦ௗ௜ௗ for each bootstrap 

resample. Subsequently, the bootstrap variance 𝑉෠௧
ሺ௕ሻ is determined by calculating the 

variance of the adjusted estimates 𝜏̂ሺ௕ሻ
௦ௗ௜ௗ across all B resamples.  

 Mathematical Expressions for Calculation 

𝑦௜௧ ൌ 𝛼 ൅ 𝛿௧ ൅ 𝛾௜ ൅ 𝛽𝐷௜௧ ൅ 𝜃ଵ𝑋ଵ,௜௧ ൅  𝜃ଶ𝑋ଶ,௜௧ ൅ 𝜖௜௧   (3.14) 

In the equation 3.14, the intercept 𝛼 represents the baseline value of the dependent 

variable, while 𝛿௧ is the time fixed effect captures the fixed effects across the years 
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studied. The unit fixed effect 𝛾௜ denotes fixed effects specific to provinces or regions. 

The variable 𝐷௜௧ (Treated) indicates whether an observation is in the treated group (1) 

or the control group (0). The coefficient 𝛽 estimates the effect of the treatment, serving 

as the primary focus. Variables 𝑋ଵ,௜௧ and 𝑋ଶ,௜௧ represent control variables, typically 

encompassing interactions like year and region. The error term 𝜖௜௧  represents the 

differences between observed and predicted values. These terms form the fundamental 

components of the SDiD model that we focus on this article. 

 Descriptive Analysis and Control Variables for Calculation 

Descriptive Analysis of the dependent & control variables can be seen at Table 3.1. 

Table 3.1 : Descriptive Analysis of the Variables. 

 Variable  Obs Mean Std. Dev Min. Max 

Indexes  
HDI 
GDI 
IHDI 
GII 

 
 

1053 
972 
810 
810 

 
 

.713 

.865 

.628 

.400 

 
 

.0596 

.0909 

.0435 
.102 

 
 

.428 

.466 

.467 
.19 

 
 

.869 

.959 

.713 

.684 

 

A descriptive analysis table according to the 4 indices to be analyzed is provided. Due 

to the fact that HDI includes 13 years, GDI includes 12 years, and the remaining 

indices include 10 years of data, the observation values differ.  

 

In the analysis conducted on 1053 observations, the average HDI value is 0.713. HDI 

values range from 0.428 to 0.869, indicating significant differences in development 

levels among provinces. With a standard deviation of 0.0595, most provinces have 

HDI values close to the mean, although some provinces show significant deviations 

from the mean. 

Overall, GDI has the highest mean and broad distribution, while HDI shows a high 

mean with a narrower distribution. IHDI, reflecting the impact of inequalities, has a 

narrower distribution compared to HDI. GII, indicating gender inequality, has the 

lowest mean and the broadest distribution. However, lower GII reflects positive 

consequences, it needs to be expected. The differences among these indices provide 
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important insights into the variability of human development and inequalities across 

regions. 

Table 3.2 : Descriptive Analysis for Robustness Check. 

Variable  Obs Mean Std. Dev Min. Max 
Indexes  
 

𝐻𝐷𝐼௘௫௧௥௔௖௧௘ௗ 
𝐻𝐷𝐼௦௣௘௖௜௙௜௘ௗ 
𝐺𝐷𝐼௘௫௧௥௔௖௧௘ௗ 
𝐺𝐷𝐼௦௣௘௖௜௙௜௘ௗ 
𝐼𝐻𝐷𝐼௘௫௧௥௔௖௧௘ௗ 
𝐼𝐻𝐷𝐼௦௣௘௖௜௙௜௘ௗ 
𝐺𝐼𝐼௘௫௧௥௔௖௧௘ௗ 
𝐺𝐼𝐼௦௣௘௖௜௙௜௘ௗ 
 

 

 
 

1014 
299 
936 
276 
780 
230 
780 
230 

 
 

.710 

.658 

.863 

.817 

.626 

.587 

.404 

.473 

 
 

.0586 

.0633 

.0917 

.0104 

.0429 

.0457 
.100 
.907 

 
 

.428 

.428 

.466 

.466 

.467 

.467 
.19 

.209 

 
 

.869 

.785 

.959 

.942 

.710 

.692 

.684 

.684 

 

The extracted provinces dataset, created by removing the dependent variables of 

Istanbul, Ankara, and Izmir to eliminate bias, was used for a robustness check. The 

aim here was to remove the three major metropolises and reanalyze the data. The 

results are shown in the 5th column of the results section. Additionally, a specified 

regions dataset was created consisting only of provinces from Eastern Anatolia and 

Southeastern Anatolia. The purpose here was to form a specific treatment and control 

group. 6th column includes the specified region approach. 

 

 

Figure 3.2 : Specified Provinces for Robustness Check. 



37 

For the calculation of specified provinces, only the provinces highlighted in Figure 3.2 

were considered. The index values used were the same as those in the main calculation, 

sourced from Appendix A. As stated, the treatment group was formed based on 

Kayaoğlu's study, specifically the treatment group identified in that study. 

Consequently, Kilis, Adıyaman, Gaziantep, Kahramanmaraş, Şanlıurfa, Batman, 

Diyarbakır, Mardin, Şırnak, Malatya, Siirt, Hakkari, and Elazığ were included in the 

treatment group in different years. The control group consisted of the highlighted 

provinces in Figure 3.2, excluding these specified provinces. 

 Fixed Effects Used in Calculation 

Fixed effects were used to analyze the impact of mass migration on economic 

development, aiming to control for biases caused by regions' own dynamics and time-

dependent effects. This allows for a clearer identification of the direct effects of 

migration on economic development. 𝑅𝑒𝑔𝑖𝑜𝑛 ∗ 𝑌𝑒𝑎𝑟 fixed effects control for the 

changing characteristics of different regions over time and general economic 

conditions, thus enabling the analysis to focus solely on the effects associated with 

migration. 

The year and region fixed effects used by Turkum (2023) and Aksu et. al. (2018) in 

their studies have also been applied in this study. Initially, Turkey was divided into 12 

regions according to NUTS-1, and dummy variables were created for each region. The 

𝑅𝑒𝑔𝑖𝑜𝑛 ∗ 𝑌𝑒𝑎𝑟 dummy variable was included as a covariate to measure the robustness 

of the study.  

 

Figure 3.3 :  NUTS-1 Regions of Türkiye (Keskin et. al. 2010). 
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In the calculation of ATT in the results section, fixed effects are included in the 2nd 

column by dividing Turkey into 5 regions and creating dummy variables, which are 

then added as covariates. Although Turkey is officially divided into 7 regions, the 

calculation was done according to 5 𝑅𝑒𝑔𝑖𝑜𝑛 ∗ 𝑌𝑒𝑎𝑟 as per the literature. Therefore, 

the provinces were divided and dummy variables were created according to the study 

by Ergin & Kunst. 

 

 

 

 

Figure 3.4 : Five-Region Study for the Türkiye (Ergin & Kunst, 2015). 
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 RESULTS 

4.1 Explanation of the Results Table and Variables Used 

In the results section, all data have been analyzed. Separate tables and sections have 

been created for each index. Calculations according to the SDID, DID, and SCM 

methods have been included in each index's results table. Additionally, the Average 

Treatment Effect (ATT) has been calculated by adding dependent variables and fixed 

effects. In all estimation methods, as stated in Section 2.7.3, a staggered structure was 

used. Additionally, as described in 3.4.1, results were obtained by averaging different 

years. 

In the results table for each index, Column 1 presents an analysis with no control 

variables added. In Column 2, the 5 Region-Year Interaction described in section 3.7.1 

has been added as a control variable. Column 3 includes the 12 Region-Year 

Interaction as a control variable. Column 4 presents an analysis with no control 

variables added and with the three major cities (Izmir, Istanbul, Ankara) removed from 

the dependent variables. Finally, Column 5 presents an analysis based solely on the 

provinces in the Southeastern and Eastern Anatolia regions, with no control variables 

added. Visually, only the calculations of SDID without the inclusion of control 

variables have been illustrated with graphical images in this section. 

 Estimation for the Effect of Immigration on HDI 

According to the SDID calculation in Table 4.1, it can be said that immigration has 

positive effects on development. Although the effect is not very high to increase HDI 

more efficiently, the HDI points need to be considered. In 2018, all the Turkey’s 

provinces average mean is 0.750 and difference between the highest point is 0.150. 

(Ankara is 0.808 which is the most developed province while Ağrı is 0.658 which is 

the less developed province in the Turkey in 2018, the difference is 23% 
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approximately). Also, Tekirdağ is in the 22nd place and the HDI point is 0.773. If the 

Tekirdağ may be increased with 0.002, new ranking will be 18th. So, it needs to be 

noted that immigrant flow has a positive effect on HDI. 

Table 4.1 : Estimation for the Effect of Immigration on HDI. 

  HDI Estimation 
Results

        (1)  (2)  (3) (4) (5)  

          𝐻𝐷𝐼௦ௗ௜ௗ 

 

          𝐻𝐷𝐼ௗ௜ௗ 

 

           𝐻𝐷𝐼௦௖௠ 

  0.00205* 
(2.25) 

 
 

-0.00971 
(-1,75) 

 
 

0.000352 
(0.19) 

0.00483 
(1.01) 

 
 

0.00250 
(0,46) 

 
 

0.0127 
(0.26) 

0.00205*
(2.38) 

 
 

-0.00971 
(-1,92) 

 
 

-0.000158
(-0.12) 

0.00226*  
(2.25) 

 
 

-0.00714 
(-1.19) 

 
 

0.000716 
(-0.57) 

0.00638 
(1,41) 

 
 

-0.0237* 
(-2.56) 

 
 

-0.0299 
(-0.44) 

 

Observations   1053 1053 1053 1014 299 

Fixed Variables 
5 Region-Year Int. 
12 Region-Year Int. 
Extracted Provinces 
Specified Provinces 

  
 

No 
No 
No 
No 

 
 

Yes 
No 
No 
No 

 
 

No 
Yes 
No 
No 

 
 

No 
No 
Yes 
No 

 

 
 

No 
No 
No 
Yes 

 

 

Notes: ***, **, and * refer to 1, 5, and 10 % significance levels, respectively 

𝐻𝐷𝐼௦ௗ௜ௗis a estimation result for staggered Syntethic Difference-in Differences method,  𝐻𝐷𝐼ௗ௜ௗ is a estimation result for 

staggered Difference-in Differences method,  𝐻𝐷𝐼௦௖௠ is a estimation result for staggered Syntethic Control method 

To make comparison between the estimators, ATT calculated for all the methods.   

Consequently, the only result which is in the confidence interval is SDID method. 

 

         

Figure 4.1 : The Visualization of SDID Estimation for the HDI Dataset. 
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According to the HDI ATT estimation regarding the extraction of three provinces 

results in column 5, the results is similar to the main HDI estimation. Immigration 

effects is increased 10% when compared to the main HDI estimation with the same p-

value. 

 

Figure 4.2 : The Visualization of Staggered DID Estimation for the HDI Dataset.  

 

For the specified provinces in column 5, SDID does not give a good estimation while 

DID do. As mentioned in Section 3 that SDID gives a confident result unless there is 

a heterogenicity between the control and the treatment group. Therefore, it's important 

to conduct more detailed and region-specific analyses, considering regional 

differences and their effects on immigrants. In conclusion, Immigration has a positive 

effect on HDI. 
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Figure 4.3 : The Visualization of Staggered SCM Estimation for the HDI Dataset.  

 Estimation for the Effect of Immigration on IHDI 

The calculation of IHDI covers the years 2009 to 2018. Therefore, as mentioned in 

Section 2, due to the lack of IHDI scores published by UNDP at the provincial level, 

data from Yiğiteli & Şanlı has been used, and calculations for the period 2009-2018 

have been made. The estimation graph for the first column and the unit dot graphs can 

be observed in Appendix D. For the 4th and 5th columns, the provinces mentioned in 

previous sections were excluded and analyzed.  
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Table 4.2 : Estimation for the Effect of Immigration on IHDI. 

  IHDI 
Estimation 

Results

        (1)  (2)  (3) (4) (5)  

          𝐼𝐻𝐷𝐼௦ௗ௜ௗ 

 

          𝐼𝐻𝐷𝐼ௗ௜ௗ 

 

          𝐼𝐻𝐷𝐼௦௖௠ 

  0.00134 
(1.07) 

 
 

0.0132 
(0.71) 

 
 

0.00089 
(0.51) 

0.00133 
(1.02) 

 
 

0.00132 
(0.65) 

 
 

0.00105 
(0.62) 

0.0006 
(1.07) 

 
 

0.0001 
(0.06) 

 
 

0.0003 
(0.12) 

0.0157  
(1.40) 

 
 

0.00212 
(1.27) 

 
 

0.0008 
(0.44) 

-0.00136 
(-0.68) 

 
 

-0.00075 
(-0.26) 

 
 

-0.00194 
(-0.61) 

 

Observations   810 810 810 780 230 

Fixed Variables 
5 Region-Year Int. 
12 Region-Year Int. 
Extracted Provinces 
Specified Provinces 

  
 

No 
No 
No 
No 

 
 

Yes 
No 
No 
No 

 
 

No 
Yes 
No 
No 

 
 

No 
No 
Yes 
No 

 

 
 

No 
No 
No 
Yes 

 

 

Notes: ***, **, and * refer to 1, 5, and 10 % significance levels, respectively 

𝐼𝐻𝐷𝐼௦ௗ௜ௗis a estimation result for staggered Syntethic Difference-in Differences method,  𝐼𝐻𝐷𝐼ௗ௜ௗ  is a estimation result for 

staggered Difference-in Differences method,  𝐼𝐻𝐷𝐼௦௖௠ is a estimation result for staggered Syntethic Control method 

Considering the t-statistics, none of the IHDI estimates are statistically significant in 

any of the models. The inclusion of explanatory and fixed variables does not result in 

a notable improvement in model performance.  

 

Figure 4.4 : The Visualization of SDID Estimation for the IHDI Dataset. 
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While different models have been used to estimate IHDI, none of the estimates appear 

to be statistically significant or economically substantial. The IHDI value is heavily 

dependent on the HDI, which is one of the reasons for the difficulty in making precise 

interpretations in the analysis. Even if the inequality rate remains constant, an increase 

in the HDI would also result in an increase in the IHDI, thus preventing a clear result 

from being obtained regarding the IHDI. More detailed analysis or different 

methodological approaches may be necessary to obtain more meaningful results. 

 

Figure 4.5 : The Visualization of Staggered DID Estimation for the IHDI Dataset. 

 

Figure 4.6 : The Visualization of Staggered SCM Estimation for the IHDI Dataset.  
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 Estimation for the Effect of Immigration on GDI 

As mentioned in Section 2, GDI measures the development points between the 

genders. 1997,2000 is the official dataset from the UNDP while 2009-2018 years from 

the alternative paper. 

Table 4.3 : SDID Estimation Results for Calculating Immigrant Effect on GDI. 

  GDI Estimation 
Results

        (1)  (2)  (3) (4) (5)  

          𝐺𝐷𝐼௦ௗ௜ௗ 

 

          𝐺𝐷𝐼ௗ௜ௗ 

 

          𝐺𝐷𝐼௦௖௠ 

  0.00931* 
(2.41) 

 
 

-0.00177 
(-0.32) 

 
 

-0.0005 
(-0.18) 

0.00931** 
(2.71) 

 
 

-0.00177 
(-0.35) 

 
 

-0.00171 
(-0.81) 

0.006 
(1.39) 

 
 

-0.008 
(-1.9) 

 
 

-0.005 
(-1.10) 

0.0104** 
(2.76) 

 
 

0.0008 
(0.14) 

 
 

-0.0005 
(-0.2) 

0.0241* 
(2.52) 

 
 

-0.00258 
(-0.3) 

 
 

-0.00726 
(-1.02) 

 

Observations   972 972 972 936 276 

Fixed Variables 
5 Region-Year Int. 
12 Region-Year Int. 
Extracted Provinces 
Specified Provinces 

  
 

No 
No 
No 
No 

 
 

Yes 
No 
No 
No 

 
 

No 
Yes 
No 
No 

 
 

No 
No 
Yes 
No 

 

 
 

No 
No 
No 
Yes 

 

 

Notes: ***, **, and * refer to 1, 5, and 10 % significance levels, respectively 

𝐺𝐷𝐼௦ௗ௜ௗis a estimation result for staggered Syntethic Difference-in Differences method,  𝐺𝐷𝐼ௗ௜ௗ is a estimation result for 

staggered Difference-in Differences method,  𝐺𝐷𝐼௦௖௠ is a estimation result for staggered Syntethic Control method 

The first column’s GDI estimation with SDID indicates a positive and significant 

effect on GDI, suggesting that the associated variable has a meaningful impact. 

 

Figure 4.7 : The Visualization of SDID Estimation for the GDI Dataset.  



46 

All columns, except 3rd, are statistically significant, suggesting that the associated 

variables have positive and meaningful impacts on the GDI. These interpretations, 

except third column, indicate that most of the associated variables and exposed effect 

(immigration) have statistically significant positive impacts on the GDI, with varying 

degrees of significance. 

 

Figure 4.8 : The Visualization of DID Estimation for the GDI Dataset.  

The SDID estimation showing a 0.00931 increase in GDI is statistically significant 

and meaningful. It represents a noticeable improvement in gender development, 

equating to roughly 1.08% of the mean GDI and about 10.24% of its standard 

deviation. This increase suggests positive changes in gender equality and 

development, which have important economic and social implications. 
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Figure 4.9 : The Visualization of SCM Estimation for The GDI Dataset. 

 Estimation for the Effect of Immigration on GII 

According to the Table 4.4, immigration decreases the inequalities between the 

genders in non-significant results. However, it can be noted that the calculation can be 

trusted. To prevent misleading, SDID estimation results for calculate immigrant effect 

on GII. 

Table 4.4 : SDID Estimation Results for Calculating Immigrant Effect on GII. 

  GII Estimation 
Results 

        (1)  (2)  (3) (4) (5) 

          𝐺𝐼𝐼௦ௗ௜ௗ 

 

          𝐺𝐼𝐼ௗ௜ௗ 

 

          𝐺𝐼𝐼௦௖௠ 

  -0.0104 
(-1.70) 

 
 

-0.0133 
(-1.59) 

 
 

-0.007 
(-0.80) 

-0.0104 
(-1.43) 

 
 

-0.0133 
(-1.57) 

 
 

-0.0145 
(-1.51) 

-0.0104 
(-1.37) 

 
 

-0.0133 
(-1.81) 

 
 

-0.0044 
(-0.59) 

-0.0146 
(-1.87) 

 
 

-0.0175* 
(-2.12) 

 
 

0.0127 
(-1.57) 

-0.0218* 
(-2.06) 

 
 

-0.00075 
(-1.63) 

 
 

-0.0015 
(0.09) 

Observations   810 810 810 780   230

Fixed Variables 
5 Region-Year Int. 
12 Region-Year Int. 
Extracted Provinces 
Specified Provinces 

  
 

No 
No 
No 
No 

 
 

Yes 
No 
No 
No 

 
 

No 
Yes 
No 
No 

 
 

No 
No 
Yes 
No 

 

 
 

No 
No 
No 
Yes 

 
Notes: ***, **, and * refer to 1, 5, and 10 % significance levels, respectively 

𝐺𝐼𝐼௦ௗ௜ௗis a estimation result for staggered Syntethic Difference-in Differences method,  𝐺𝐼𝐼𝐼ௗ௜ௗ is a estimation result for 

staggered Difference-in Differences method,  𝐺𝐼𝐼௦௖௠ is a estimation result for staggered Syntethic Control method 
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Figure 4.10 : The Visualization of SDID Estimation for the GII Dataset. 

 

When extracted provinces is used to calculate ATT on GII, DID estimation is more 

trustable then SDID. If the specified group needs to be investigated, the only 

estimation which make estimation with the confident t score is SDID. As expected, 

GII significantly decreases with the effect. Therefore, it can be said that effect of 

immigration has decreased the GII that lower GII point means less inequality between 

the genders. 
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Figure 4.11 : The Visualization of DID Estimation for the GII Dataset.  
 

 

Figure 4.12 : The Visualization of SCM Estimation for the GII Dataset.  
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 CONCLUSION 

The influx of Syrians to Turkey due to the Syrian civil war has required an evaluation 

of how much Turkey's socioeconomic structure has changed. Literature reveals 

numerous studies investigating various socioeconomic variables such as 

unemployment, GDP, and school enrollment rates. However, there has been a lack of 

comparison of the effects based on socioeconomic development scores. Additionally, 

previous studies have not employed the staggered Synthetic Difference-in-Differences 

(SDID) method in their analyses. The SDID method, which combines the advantages 

of the staggered Difference-in-Differences (DiD) and staggered Synthetic Control 

Method (SCM), allows for a more robust estimation. Therefore, this study aims to 

achieve mathematically more accurate results compared to previous literature. By 

using socioeconomic development scores as a cumulative indicator and applying the 

SDID method, this study seeks to analyze the socioeconomic impact of Syrians under 

temporary protection in Turkey. To further illustrate the robustness of estimation and 

differences in estimation values, calculations were also conducted using DiD and SCM 

with the same variables. 

 

In this study, the impact of the refugee influx on Turkey was examined at the provincial 

level using four different development scores published by the UNDP. The HDI 

generally reflects the socioeconomic parameters of a province, calculated using three 

main parameters: school enrollment rate, life expectancy index, and GDP per capita. 

The IHDI reflects regional inequality in HDI scores. The GDI indicates the impact of 

women's HDI scores on men's HDI scores in a specific region. The three parameters, 

HDI, IHDI, and GDI, are derived using the same sub-parameters. The GII, on the other 

hand, differs from the other three methods by using different sub-parameters, directly 

indicating gender inequality, such as the proportion of women in parliament and birth 

rates among women. 
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While official provincial scores were used, the UNDP stopped publishing them at the 

provincial level after 2004. However, Yiğiteli & Şanlı (2020) continued the calculation 

method, providing index calculations for each year between 2009 and 2018. For data 

until 2004, UNDP's own data was used, and for the years 2009-2018, Yiğiteli & Şanlı 

(2020)’s index calculations were used. GII and IHDI data are only available for the 

years 2009 and 2018. 

 

Upon examining the four specified parameters, the impact of refugees on HDI and 

GDI was found to be positive. Although the effect on GII did not yield highly reliable 

results within a high confidence interval, the t-score and some calculation with control 

variables suggest that the impact on GII also points to a reduction in inequality. 

However, the impact on the IHDI index did not provide reliable results. To measure 

the effects on HDI inequality (IHDI), deeper analysis and different structural variables 

may be needed. Furthermore, staggered SDID was observed to produce more reliable 

results compared to staggered DiD and staggered SCM. In conclusion, it was observed 

that refugees have made a positive socioeconomic contribution to Turkey. 
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