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Abstract 
This study analyzes the labor market effects of the rapid influx of Syrian refugees into 

Türkiye beginning in 2011. Using micro-level Household Labor Force Survey data 

from the Turkish Statistical Institute for the period 2009–2015, the employment effects 

of the increase in the Syrian refugee population are estimated with a Difference-in-

Differences method. Propensity Score Matching is implemented to strengthen the 

validity of the Difference-in-Differences estimates and ensure comparability between 

the treatment and control groups. This approach balances observable structural 

differences and, in turn, improves the internal consistency of the estimates. In addition, 

the empirical framework is further extended by incorporating regional trade openness 

into the model, a proxy for integration into global production networks.  The results 

provide evidence consistent with a statistically significant negative association 

between increases in the Syrian refugee population and the probability of employment 

among native workers, particularly among female and low-skilled native workers. 

Moreover, higher levels of regional trade openness have a positive effect on 

employment, especially for low-skilled native workers. These findings highlight the 

importance of policy measures aimed at supporting native workers in regions facing 

high refugee inflows. 
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Öz 
Bu çalışma, Türkiye’de 2011 yılında başlayan ve sayıları hızla artan Suriyeli 

mültecilerin işgücü piyasası üzerindeki etkilerini analiz etmektedir. Türkiye İstatistik 

Kurumu’nun 2009-2015 dönemine ait mikro düzey Hanehalkı İşgücü Anketi verileri 

kullanılarak mülteci nüfusundaki artışın istihdam üzerindeki etkisi Farkların Farkı 

yöntemiyle tahmin edilmiştir. Yöntemden elde edilen tahminlerin geçerliliğini 

güçlendirmek ve tedavi ile kontrol grupları arasındaki karşılaştırılabilirliği sağlamak 

amacıyla Eğilim Puanı Eşleştirmesi yöntemi uygulanmış ve böylece gözlemlenebilir 

yapısal farklılıkların etkisi dengelenerek tahminlerin içsel tutarlılığı güçlendirilmiştir. 

Ayrıca, küresel üretim ağlarına entegrasyonun bir göstergesi olan ticari dışa açıklık 

bölgesel düzeyde modele dahil edilerek çalışmanın kapsamı genişletilmiştir. Sonuçlar, 

Suriyeli mülteci nüfusundaki artışlar ile yerli işgücünün istihdam edilme olasılığı 

arasında istatistiksel olarak anlamlı negatif bir ilişkinin varlığıyla tutarlı kanıtlar 

sunmaktadır. Bu olumsuz etkinin özellikle kadın ve düşük vasıflı yerli işçiler arasında 

daha belirgin olduğu görülmektedir. Ayrıca, bölgesel dışa açıklık düzeyinin artması 

istihdam üzerinde pozitif bir etki yaratmakta, bu etki özellikle düşük vasıflı yerli işçiler 

açısından daha güçlü ortaya çıkmaktadır. Bulgular özellikle mülteci yoğun bölgelerde 

yerli işgücünü destekleyici politika önlemlerinin önemine işaret etmektedir. 
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1. Introduction 

International migration has increased markedly in recent years, shaped by economic, social, 

and political forces. According to the United Nations High Commissioner for Refugees 

(UNHCR), as of 2024, approximately 42.7 million individuals worldwide are classified as 

refugees, and the total number of forcibly displaced persons has reached 73.5 million (UNHCR, 

2024). Within this global context, Türkiye has emerged as a major host country, reflecting its 

geographical proximity to conflict-affected regions, longstanding historical and cultural linkages, 

and a policy stance that facilitated large-scale arrivals. The outbreak of civil war in Syria in 2011 

substantially intensified cross-border displacement toward Türkiye, which has since hosted the 

largest population of displaced Syrians worldwide (UNHCR, 2023). These developments have 

generated significant demographic and economic adjustments, with particularly salient 

implications for local labor markets. The rapid expansion of the refugee population has 

heightened scholarly and policy debates on how large-scale forced migration affects employment 

outcomes and the structure of the labor force in host economies, underscoring the importance of 

systematic empirical assessment. 

The impact of migration on labor markets has long been a central topic of theoretical and 

empirical debate in the economics literature. The interaction between migrant and native workers 

is commonly analyzed through the mechanisms of substitution and complementarity. When 

migrants possess skill levels and qualifications similar to those of native workers, they are 

typically treated as substitutes in the labor market, potentially exerting downward pressure on 

natives’ employment and wages (Borjas, 2003). Conversely, when migrants complement the 

native labor force, the presence of unskilled migrants in the production process can enhance the 

productivity of more skilled native workers. This, in turn, raises the marginal product of native 

labor and may lead to increased demand for native workers (Borjas, 2013; Dustmann et al., 2016). 

The effects of migration on labor markets exhibit a dynamic structure that evolves over 

time. Consequently, the implications of substitution and complementarity mechanisms may differ 

substantially in the short and long run. In the short term, particularly within the unskilled segment 

of the labor force, displacement effects may arise due to substitutability between migrant and 

native workers. In the long run, however, structural economic factors such as capital 

accumulation, technological progress, and the degree of complementarity among production 

inputs may mitigate these adverse effects and allow for a more balanced labor market (Borjas, 

2013). Nevertheless, the impact of migration cannot be fully explained solely through the lens of 

substitution–complementarity mechanisms or temporal distinctions. The existing labor market 

dynamics, institutional framework, and local economic conditions of the host country also play a 

decisive role in shaping these outcomes. Therefore, the capacity of the economy and labor demand 

to adjust to an expanded labor supply is critical in determining the consequences that unfold in 

both the short and long run. 

A large body of empirical research examining the labor market effects of immigration 

suggests that these effects are far from uniform, and that no clear consensus has emerged in the 

literature. While some studies find that immigration does not lead to significant losses in 

employment or wages among native workers and that labor markets are largely capable of 

adjusting to immigration-induced shocks (Card, 1990; Friedberg, 2001; Dustmann et al., 2005; 

Peri and Yasenov, 2019), others point to the possibility of adverse effects operating through both 

employment and wage channels. In this regard, certain studies document negative impacts 
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primarily on employment levels (Glitz, 2012; Edo, 2015), whereas others emphasize downward 

pressure on the wages of low-skilled native workers (Borjas et al., 1997; Borjas, 2003; Cohen-

Goldner and Paserman, 2004; Nickell and Saleheen, 2015). Evidence also suggests that the effects 

of immigration vary across the wage distribution. Specifically, immigration appears to exert 

negative effects on wages at the lower end of the distribution, while having small but positive 

effects at higher wage levels (Dustmann et al., 2013). Moreover, it has been argued that 

immigrants do not necessarily compete directly with native workers but instead position 

themselves within the labor market through task specialization. This process can mitigate 

potential negative wage effects on natives by fostering complementarities between immigrant and 

native labor (Peri and Sparber, 2009).  Evidence from the Turkish context also points to a range 

of findings, consistent with the international literature. While some studies indicate positive 

effects of immigration (Akgündüz et al., 2015; Cengiz and Tekgüç, 2018), others suggest the 

presence of adverse effects (Aydemir and Kırdar, 2017; Ceritoğlu et al., 2017; Bağır, 2018; 

Taşdoğan, 2020). These mixed findings indicate that the effects of immigration emerge across 

various dimensions of the labor market and are not homogeneous. Aksu et al. (2018) demonstrate 

that the arrival of Syrian refugees has led to reductions in both employment and labor force 

participation among female workers. In contrast, a different pattern is observed for male workers: 

while informal employment declines, formal employment and wages increase. Demirci and 

Kırdar (2023) show that Syrian refugees have been integrated into the Turkish labor market in 

quantitative terms; however, this integration has largely taken place through low-quality and 

informal employment. Similarly, some studies in the literature focus on the relationship between 

refugees and low-skilled native workers, emphasizing that informal employment constitutes one 

of the main channels through which immigration shapes labor market outcomes (Del Carpio and 

Wagner, 2015; Tumen, 2016). In addition, the effects of immigration are not limited to 

employment levels and wages; changes in sectoral labor demand, mismatches between labor 

supply and demand, and regional economic differences are also highlighted as key factors in 

understanding labor market dynamics (Aracı et al., 2022). 

Literature employing the Difference-in-Differences (DiD) method to examine the effects 

of refugees on labor markets adopts different approaches to the definition of treatment and control 

groups. Cengiz and Tekgüç (2018) define treatment and control groups directly on the basis of 

threshold values derived from the share of the Syrian population in the regional population. 

Ceritoğlu et al. (2017), by contrast, select the control group from regions with low refugee 

intensity that display characteristics similar to those of the treatment regions in terms of specific 

socioeconomic indicators. Bağır (2018), on the other hand, constructs the control group through 

a weighted combination of regions that historically exhibited a high degree of correlation with the 

treatment regions in terms of labor market indicators. 

The credibility of causal inference in the DiD framework critically depends on the 

appropriate definition of treatment and control groups, as well as on their comparability in terms 

of observable characteristics (Card, 1990). Against this background, this study employs the 

Propensity Score Matching (PSM) method to construct the control group, thereby improving 

comparability between treatment and control units by systematically reducing the influence of 

regional heterogeneity. In doing so, the study makes a methodological contribution to the 

literature examining the relationship between migration and labor markets in Türkiye. A further 

contribution of the study lies in the classification of the labor force into skilled and unskilled 

categories by incorporating an experience dimension alongside education. While the literature 
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typically defines this distinction based solely on educational attainment, this study, drawing on 

the approach employed in Borjas (2003), classifies labor force skills by jointly considering both 

education and experience. This approach allows for a more nuanced assessment of how different 

segments of the labor force are affected by migration. 

The study is structured into three main sections. The first section outlines the situation and 

key characteristics of Syrian refugees in Türkiye. The second section provides a detailed 

description of the data set and the methodological framework employed in the analysis. The third 

section presents the empirical findings and evaluates their robustness through a series of 

robustness checks. The study concludes with a final section that discusses the main results and 

offers relevant policy implications. 

 

2. Syrian Refugees and the Dynamics of Labor Market Participation 

The civil war that erupted in Syria in 2011 triggered a severe humanitarian crisis on a 

regional scale by forcing millions of people to flee their home country. As the intensity of the 

conflict escalated rapidly, a large number of Syrians sought refuge in neighboring and 

surrounding countries in order to gain access to safer living conditions. Türkiye emerged as one 

of the countries most profoundly affected by these regional migration flows. Owing to its 

geographical proximity, cultural and religious affinities, and the temporary protection status 

granted under the open-border policy, Türkiye became the primary destination for Syrian 

nationals (Duruel, 2017). 

Initially limited in scale, migration flows increased rapidly after 2012 and reached several 

million within a short period. The Syrian population in Türkiye, recorded at approximately 1.6 

million in 2014, exceeded 2.5 million by 2015; although the rate of increase slowed in 2016 and 

subsequent years, the overall growth continued. As of 2023, the number of Syrians under 

temporary protection in Türkiye reached approximately 3.3 million (DGMM, 2023). The uneven 

distribution of this growing population across the country has led to regional variations in the 

effects of migration. This pattern provides a crucial basis for the regional analytical approach 

employed in this study. 

Several key factors shape the labor market participation of Syrian refugees. Although a 

substantial share of this population is of working age, relatively low levels of educational 

attainment and limited occupational specialization tend to channel them into low-skilled 

employment. In addition, their integration into the labor market largely occurs through informal 

channels. Despite existing legal regulations, implementation constraints and employer 

preferences contribute to the persistence of widespread informal employment. This pattern is 

particularly pronounced in labor-intensive sectors and has significant implications for labor 

market dynamics. In this regard, the ILO’s 2020 country report on Türkiye (Pinedo-Caro, 2020) 

highlights that a considerable proportion of Syrians are employed in low-skilled and informal 

jobs. 

Overall, the regional concentration of the Syrian refugee population, together with their 

relatively low skill levels and the prevalence of informal employment, provides critical insights 

into the mechanisms through which migration affects native labor markets. In this context, low 

levels of educational attainment, limited occupational specialization, and the spatial clustering of 

the refugee population shape both the competitive dynamics of the labor market and the supply-
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side pressures faced by native workers. Furthermore, the concentration of Syrians in 

predominantly low-skilled and largely informal jobs contributes to substantial regional 

heterogeneity in labor market outcomes. These structural features play a central role in the 

empirical analysis of this study. Accordingly, the dataset and the descriptive statistics employed 

to capture these dynamics are presented in the following section, where the core components of 

the empirical framework are discussed in detail. 

 

3. Data Set and Descriptive Statistics 

This study relies on three primary data sources. First, microdata from the Household Labor 

Force Survey covering the period 2009–2015 are obtained from the Turkish Statistical Institute 

(TurkStat) through a formal microdata access request. Second, data on the regional distribution 

of the Syrian population are obtained from the official records of the DGMM. The regional 

classification employed in the analysis is consistent with the NUTS system developed by Eurostat 

and is based on Level 2 regions defined within the framework of the Statistical Classification of 

Territorial Units (IBBS), established under the coordination of TurkStat. Finally, regional trade 

openness is measured using TurkStat’s data on exports, imports, and gross domestic product 

(GDP), and is computed as shown in Equation (1): 

𝑇𝑟𝑎𝑑𝑒 𝑂𝑝𝑒𝑛𝑛𝑒𝑠𝑠𝑟𝑡 =
𝐸𝑥𝑝𝑜𝑟𝑡𝑠𝑟𝑡+𝐼𝑚𝑝𝑜𝑟𝑡𝑠𝑟𝑡

𝐺𝐷𝑃𝑟𝑡
    (1) 

where 𝑟 and 𝑡 denote NUTS-2 regions and time (year), respectively. Accordingly, Equation (1) 

defines trade openness as the ratio of total trade volume to economic output for each region. It is 

important to note that trade openness is measured contemporaneously; for each region-year 

observation, the trade openness value corresponds to the same year as the outcome variable, 

capturing both pre- and post-treatment periods. Consequently, if refugee inflows affected regional 

trade patterns after 2012, the post-treatment values of this variable may partially reflect the 

treatment itself, potentially introducing post-treatment bias. To address this concern, the baseline 

model is re-estimated excluding the trade openness variable, and the results remain largely 

unchanged, as reported in Table 5. 

In addition to regional-level variables, the analysis also incorporates individual-level skill 

classifications based on education and labor market experience. Because the Household Labor 

Force Survey microdata used in the analysis do not contain direct information on individuals’ 

labor market experience, a proxy measure of experience was constructed following the strategy 

proposed by Borjas (2003). Borjas emphasizes that treating workers with similar levels of 

education but differing labor-market experience as homogeneous is unrealistic. Accordingly, 

defining skill groups jointly in terms of both education and experience provides a more 

appropriate framework for assessing how migration affects native labor market outcomes along 

skill dimensions. 

Following Borjas’s approach, the experience variable was constructed by subtracting the 

assumed age of labor market entry conditional on educational attainment from individuals’ 

current age. In the Turkish context, the legal minimum working age is 15, and based on the 

educational stages defined by the Ministry of National Education, individuals are assumed to enter 

the labor market at age 15 if they have completed primary or lower secondary education, at age 

17 if they are high school graduates, and at age 23 if they hold a university degree. Accordingly, 
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the proxy measure of experience was calculated for each education group as the difference 

between individuals’ current age and the corresponding assumed labor market entry age. Borjas 

(2003) further notes that such experience calculations may entail measurement error for female, 

given their lower and more volatile labor force participation rates over time. In the case of 

Türkiye, structurally low female labor force participation and substantial heterogeneity in 

female’s age of entry into the labor market (OECD, 2025) likewise suggest that this proxy 

measure of experience may not be consistent for female workers. For this reason, the skill-based 

experience variable is employed exclusively in analyses focusing on the male labor force. 

Descriptive statistics for the variables used in the analysis are reported in Table 1.1 In this 

table, the treatment group consists of units exposed to the shock, while the control group 

comprises units that were not exposed. The pre-treatment period refers to the time interval before 

the shock, whereas the post-treatment period begins after the shock. 

 

Table 1. Descriptive Statistics 

Variables 
Control Group Treatment Group 

Pre 

Treatment 

Post 

Treatment 

Pre 

Treatment 

Post 

Treatment 

Employment 0.399 0.458 0.377 0.395 

Female Employment 0.189 0.264 0.170 0.186 

Male Employment 0.626 0.661 0.604 0.620 

Skilled Employment 0.819 0.827 0.796 0.804 

Unskilled Employment 0.395 0.453 0.395 0.415 

Trade 0.084 0.085 0.249 0.283 

Marital 1.755 1.740 1.741 1.742 

Gender 1.519 1.512 1.520 1.518 

Education 6.680 7.152 6.505 6.955 

Age 35.004 35.513 34.739 35.640 

Note: The authors calculated mean values for the variables. Skilled and unskilled employment variables 

are defined only for male individuals, as the experience measure used in the skill classification is not 

consistently applicable to females. 

 

Table 1 allows for an assessment of both structural differences across groups and trends 

over time. Employment indicators exhibit an upward trend in both groups; however, the increase 

is notably more limited in the treatment group. Specifically, the total employment rate rises by 5.9 

percentage points in the control group, compared with only 1.8 percentage points in the 

migration-receiving treatment group. Similar patterns are observed for female and male 

employment outcomes. While female employment increases by 7.5 percentage points in the 

control group, the corresponding increase in unskilled male employment amounts to 5.8 

percentage points. In contrast, the increases observed in the treatment group are considerably 

smaller, at 1.6 percentage points for female employment and 2 percentage points for unskilled 

male employment. Turning to trade openness, this indicator displays a meaningful increase only 

in the treatment group. In the post-shock period, trade openness rises by a modest 0.1 percentage 

points in the control group, whereas the treatment group experiences an increase of 

approximately 3.4 percentage points. This divergence points to a substantial differential in 

external openness dynamics between the two groups following the shock. 

 
1 Detailed descriptions of all dependent and independent variables used in the analysis are provided in Table 

A1. 
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4. Methodology 

To examine the impact of Syrian refugees on the labor market, this study employs the DiD 

methodology, a widely used empirical approach in the social sciences for estimating causal 

effects. The DiD framework compares changes over time between a treatment group exposed to 

the shock and a control group that is not. The difference between these two changes is then 

interpreted as the causal effect of the shock on the outcome of interest (Baker et al., 2025). 

The credibility of the empirical strategy hinges on the validity of several key identifying 

assumptions, among which the proper delineation of treatment and control groups is of primary 

importance. In this study, treatment assignment is based on the ratio of registered Syrian refugees 

to the total population at the regional level. Specifically, within the NUTS-2 classification, 2014 

refugee population figures are used to define treatment status, and five regions (TR62, TR63, 

TRC1, TRC2, and TRC3) with a refugee-to-population ratio exceeding 2% are classified as 

treated. The use of 2014 refugee intensity data for defining the treatment group is primarily 

motivated by the fact that regional disparities in Syrian refugee concentration became 

considerably more pronounced during this period. As illustrated in Table A2 of the Appendix, the 

spatial divergence in refugee intensity across regions became much more visible, particularly 

from 2014 onward, allowing for a clearer distinction between high- and low-exposure regions. 

The spatial distribution of Syrian refugees in Türkiye is far from uniform. Instead, settlement 

patterns are largely shaped by geographic proximity to border areas and government placement 

policies, resulting in a markedly uneven distribution of refugee intensity across regions. In 

practice, regions tend to cluster into either low (often negligible) or high exposure categories, 

rather than exhibiting a smooth gradient of refugee presence. Such a distributional structure 

provides a natural justification for defining treatment and control groups using a threshold-based 

approach. Although the empirical literature on Türkiye employs a range of alternative cutoffs, the 

2% threshold has emerged as a commonly used benchmark for distinguishing between high- and 

low-exposure regions (Tumen, 2016; Ceritoğlu et al., 2017). 

The identification of suitable comparison regions was guided by two broad considerations: 

refugee intensity below 2% and similarity in economic characteristics to the treated regions. In 

this context, two complementary approaches were implemented. A descriptive observational 

strategy, consistent with approaches commonly adopted in the existing literature, was used for 

comparative purposes. Regions with relatively low refugee intensity and economic characteristics 

similar to those of the treated regions were identified on the basis of several macroeconomic 

indicators2. Subsequently, the extent to which the resulting observational comparison group 

exhibited trends similar to those of the treated group during the pre-shock period was examined. 

The primary objective of this descriptive strategy was to assess the suitability of a comparison 

group constructed based on observational and economic similarity criteria within the DiD 

framework and to provide a benchmark against which the results obtained from the subsequent 

PSM-based statistical selection approach could be compared. Accordingly, this approach was 

intended solely as an observational benchmark strategy rather than as a formal control-group 

selection procedure. As a result, no formal pre-selection procedure was implemented under this 

approach, and no final control group was established. 

 
2 A descriptive comparison of the treatment and control groups across key macroeconomic indicators is 

presented in Figure A3. 
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The final control group used in the empirical analysis was determined through the PSM-

based framework, which was implemented separately from the descriptive observational strategy 

in order to minimize observable structural differences and thereby enhance the internal 

consistency of the analysis. By improving the statistical comparability between the treatment and 

control groups, this approach increases the reliability of the estimated effects (Wan, 2025). The 

propensity score represents the probability of receiving treatment conditional on observed 

covariates (Rosenbaum and Rubin, 1983). The set of covariates includes the employment rate, 

income per capita, population size, export intensity, and regional GDP. The selection of covariates 

is guided by the general socioeconomic development framework used in the Socioeconomic 

Development Index (SEGE) prepared by the Ministry of Industry and Technology, with a focus 

exclusively on indicators directly relevant to the research objective. To ensure that these variables 

accurately reflect pre-treatment conditions, a logit model is estimated using average values for 

the 2009–2011 period, and propensity scores are computed. Based on these scores, three regions 

(TR72, TRB1, and TRB2) are assigned to control group3. The regional composition of the 

treatment and control groups is illustrated in Figure 1. 

 

 
Figure 1. Treatment and Control Groups 

Source: DGMM (2023) 

 

In addition to proper selection of comparison groups, implementing the DiD methodology 

requires a clear definition of the time dimension. Accordingly, the time component is decomposed 

into pre- and post-shock periods. The year 2012 is identified as the onset of the post-treatment 

period, corresponding to the point at which the mass migration wave triggered by the outbreak of 

the civil war in Syria began to exert observable effects in Türkiye. Within this framework, the 

period from 2009 to 2011 is defined as the pre-treatment period, while the period from 2012 to 

2015 is designated as the post-treatment period. The post-treatment window is deliberately 

 
3 Comparative mean values of the covariates for the treatment and control groups are presented in Table 

A4. 
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restricted in order to capture more directly the labor market effects of the increase in the Syrian 

population and to minimize potential confounding from contemporaneous factors such as 

macroeconomic fluctuations or structural changes that may emerge in the longer term. 

Another important consideration in applying the DiD methodology is the parallel trends 

assumption. For this assumption to hold, the treatment and control groups must exhibit similar 

trends in the pre-shock period. Under this condition, any divergence observed in the post-shock 

period is plausibly attributed to the effect of the shock. Therefore, the validity and reliability of 

the empirical results critically depend on whether the assumption holds (Abadie, 2005). In this 

context, Figure 2 provides a visual assessment of the validity of the parallel trends assumption. 

The figure consists of two panels. Panel (a) presents employment trends for the treatment and 

control groups constructed using PSM, while Panel (b) displays employment trends for groups 

formed based on observational criteria. In both instances, the control groups exhibit trends 

analogous to those of the treatment groups, suggesting that the parallel trends assumption is 

predominantly upheld. However, the similarity in the pre-shock period appears stronger for the 

comparison groups identified through PSM, suggesting a more robust validation of the parallel 

trends assumption. 

 

 
Figure 2. Parallel Trends Assumption 

 

To provide a more systematic assessment of the parallel trends assumption in Figure 2, 

Figure 3 reports coefficient estimates from an event study specification. The estimates for the pre-

treatment periods are tightly centered around zero, and their confidence intervals consistently 

include zero, indicating no statistically significant differences between the treatment and control 

groups prior to the intervention. Beyond this visual inspection, the parallel trends assumption is 
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formally evaluated through a joint significance test of the pre-treatment coefficients. The results 

fail to reject the null hypothesis that these coefficients are jointly equal to zero (p = 0.3377). Taken 

together, these findings suggest that the treatment and control groups exhibited comparable pre-

intervention dynamics, providing strong support for the validity of the parallel trends assumption. 

 

 
Figure 3. Event Study 

 

The event-study analysis not only provides formal support for the parallel trends 

assumption but also offers a dynamic perspective on the timing and persistence of the effects 

across regions. In doing so, it allows for an assessment of whether differential regional trajectories 

are likely to bias the estimated treatment effects. A related specification issue concerns whether 

region-specific time trends should be included in the baseline model. The baseline specification 

includes region and year fixed effects, which control for time-invariant regional heterogeneity 

and common macroeconomic shocks, but does not include region-specific time trends. Although 

region-specific time trends could, in principle, capture differential regional dynamics, the pre-

treatment period (2009–2011) does not exhibit evidence of systematic divergence across regions. 

Moreover, given the limited number of regions and the short time dimension, including such 

trends may lead to overfitting and absorb part of the treatment variation. Importantly, in the 

absence of differential pre-treatment trends, any remaining unobserved factors would need to 

generate divergence between treatment and control groups only in the post-treatment period 

without affecting pre-treatment dynamics, which is less plausible in this context. For these 

reasons, region-specific time trends are not included in the baseline specification. Nevertheless, 

the event-study evidence, formal pre-trend tests, and robustness checks collectively mitigate 

concerns regarding unobserved differential regional trends and support the credibility of the 

empirical findings. 

Although the validity of the DiD approach rests primarily on the parallel trends assumption, 

the reliability of causal interpretation also depends on the assumption that units’ potential 

outcomes are determined solely by their own treatment status (SUTVA). Put differently, treated 
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units should not affect units in the control group (Imbens and Rubin, 2015). However, because 

labor markets are spatially interconnected, migration shocks occurring at the regional level may 

generate indirect effects on neighboring or economically linked regions. This suggests that 

spillover effects between treatment and control groups cannot be ruled out entirely. Although such 

spillover effects cannot be completely excluded, the available evidence suggests that their 

likelihood of systematically biasing the estimation results is low. First, the distribution of Syrian 

refugees across Türkiye is concentrated in specific regions and has largely been shaped by 

geographic proximity and settlement policies, which limits the scope for effects to spread widely 

across regions. Second, as demonstrated by the event-study analysis and formal pre-trend tests, 

the absence of differential pre-treatment trends between treatment and control regions indicates 

that the two groups followed similar trajectories prior to the shock. Third, the consistency of the 

results across alternative control group definitions suggests that any potential spillover effects are 

unlikely to be large enough to systematically distort the estimates. Accordingly, the potential 

presence of spatial spillovers should be regarded as a limitation of the empirical design, and this 

consideration should be borne in mind when interpreting the results. 

Building on the DiD framework, the study conducts analyses across alternative labor 

market classifications. In addition to overall employment, separate estimations are carried out for 

subgroups defined by gender (female–male) and skill level (skilled–unskilled). Within this 

framework, the baseline regression model employed in the DiD analysis is presented below. 

𝑌𝑖𝑡 = 𝛽0 + 𝛽1𝐷𝑖 + 𝛽2𝑇𝑡 + 𝛽3(𝐷𝑖 × 𝑇𝑡) + 𝛽′𝑋𝑖𝑡 + ε𝑖𝑡 (2) 

In Equation (2), 𝑌𝑖𝑡 denotes the dependent variable, taking the value of 1 if the individual 

is employed and 0 if unemployed. 𝐷𝑖 is a dummy variable equal to 1 if the observation belongs 

to the treatment group and 0 if it belongs to the control group. 𝑇𝑡 is a time indicator that takes the 

value of 1 for the post-shock period and 0 for the pre-shock period. The interaction 

term (𝐷𝑖 × 𝑇𝑡) captures the DiD effect, and its coefficient, 𝛽3, represents the impact of the 

exogenous shock namely, the inflow of Syrian refugees. 

The vector 𝑋𝑖𝑡 includes individual-level control variables such as age, gender, education, 

and marital status. In addition, a measure of regional trade openness is incorporated into the model 

to account for differences in regional economic structure and labor demand conditions that may 

influence individual outcomes. Trade openness in this context is not an individual characteristic; 

it is a structural indicator reflecting the export-oriented production structure of regions and the 

degree of integration into global value chains. It is included in the model as a contextual covariate 

to obtain more reliable estimates of the refugee effect. This variable, therefore, describes a 

conditional relationship rather than a direct causal effect. Nevertheless, robustness checks are 

conducted because the trade openness variable may be endogenous to refugee inflows or introduce 

post-treatment bias. The results are discussed in detail to assess whether these concerns affect the 

main model findings. 

In the baseline specification, the treatment variable is defined as a binary indicator, 

reflecting the clustering of regions into clearly distinct low- and high-exposure groups in terms 

of refugee intensity. However, the labor market effects of refugee inflows are unlikely to be 

homogeneous across regions and may vary with the intensity of exposure. The literature has 

emphasized that treatment effects may be heterogeneous across both units and time, and that such 

heterogeneity may not be fully captured under binary treatment definitions (Callaway and 

Sant’Anna, 2021; Goodman-Bacon, 2021). Refugee inflows in Türkiye unfolded gradually across 
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regions and at varying levels of intensity over time. However, the empirical strategy defines the 

onset of treatment as 2012, corresponding to the initial phase of the migration shock. The 

magnitude of the treatment effect is allowed to vary with the degree of exposure.  

To assess the sensitivity of the results to the definition of treatment, alternative model 

specifications were estimated in addition to the baseline binary treatment framework, using 

refugee intensity as a continuous and time-varying measure at the region-year level. This 

approach explicitly accounts for the fact that the refugee shock was not a discrete one-time event, 

but rather a gradual and spatially heterogeneous process. In these alternative specifications, 

refugee intensity is included in the model directly as a continuous variable. The corresponding 

results are presented in detail in the robustness analysis section. 

While these alternative specifications address heterogeneity in treatment intensity, it is also 

important to consider potential identification issues associated with the baseline DiD framework. 

Although the baseline specification relies on a Two-Way Fixed Effects (TWFE) DiD framework, 

recent studies have highlighted potential biases in such estimators, particularly in settings with 

staggered treatment adoption (Goodman-Bacon, 2021; Baker et al., 2025). In such cases, TWFE 

estimates may be affected by “forbidden comparisons,” where early-treated units serve as controls 

for later-treated units. However, in the present study, treatment begins simultaneously across all 

treated regions in 2012, implying a single treatment timing structure. This feature eliminates the 

primary source of TWFE bias associated with staggered adoption. Therefore, concerns related to 

TWFE bias are expected to be limited in this context. 

 

5. Empirical Results  

This section presents the empirical results on the effects of Syrian refugees on the labor 

market in Türkiye. The analysis is conducted separately for total employment, male and female 

employment, and skilled and unskilled employment. Changes in employment levels in refugee-

receiving regions relative to the non-receiving areas before and after the shock are examined using 

the DiD framework. A logistic regression is employed to estimate the DiD model since the 

dependent variable is binary, identifying the effects through the interaction term between 

treatment status and the post-shock period (D × T). Given that logistic regression coefficients are 

expressed in log-odds form, the empirical results are reported as marginal effects to ensure direct 

interpretability. 

Table 2 reports the results of the DiD analysis estimated using a logit model. The results 

indicate that refugee inflows, regional trade openness, and demographic characteristics such as 

age, gender, educational attainment, and marital status have statistically significant effects on the 

probability of employment for native workers. The estimates suggest a negative association 

between refugee inflows and the employment probability of native workers residing in treatment 

regions by 4 percentage points relative to those in control regions. As reported in Table 1, the 

baseline employment rate, defined as the average employment rate in the control group during 

the pre-treatment period, is approximately 39.9%. This implies that the estimated effect 

corresponds to an approximate 10% relative decline in employment probability, calculated as the 

ratio of the estimated marginal effect to the baseline employment rate. This estimated relative 

effect indicates that the impact is not only statistically significant but also economically 

meaningful. 
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A similar pattern emerges when the results are disaggregated by gender. The employment 

probability of female individuals declines by 5.2 percentage points, while that of male workers 

decreases by 2.6 percentage points. Relative to baseline employment levels, these estimates 

correspond to an approximate 27% decline for female workers and a 4% decline for male workers, 

highlighting a pronounced gender asymmetry in the labor market effects. These findings are 

consistent with an adverse labor market effect associated with Syrian refugee inflows on both 

overall employment and gender-specific employment for local workers. Moreover, female 

workers appear to be more vulnerable to labor market competition arising from refugee inflows. 

 

Table 2. Logit Model Estimation Results for Labor Market Indicators 

Variables 
Total Employment Female Employment Male Employment 

Marginal Effect Marginal Effect Marginal Effect 

Refugee Effect  

(D × T) 

-0.040*** 

(0.011) 

-0.052*** 

(0.019) 

-0.026** 

(0.011) 

Trade Openness 
0.050* 

(0.025) 

0.183** 

(0.029) 

0.094*** 

(0.025) 

Group 
0.032*** 

(0.012) 

0.013** 

(0.018) 

0.027*** 

(0.008) 

Year 
0.080*** 

(0.009) 

0.053*** 

(0.005) 

0.073*** 

(0.013) 

Education 
0.009*** 

(0.001) 

0.009*** 

(0.002) 

0.007*** 

(0.001) 

Gender 
-0.356*** 

(0.008) 
- - 

Marital 
0.050*** 

(0.007) 

-0.054*** 

(0.013) 

0.199*** 

(0.012) 

Age 
0.045*** 

(0.002) 

0.027*** 

(0.002) 

0.051*** 

(0.001) 

Age² 
-0.001*** 

(0.000) 

-0.000*** 

(0.000) 

-0.001*** 

(0.000) 

Observations 590,801 306,116 284,685 

Note: Standard errors are reported in parentheses and are clustered at the regional level. Statistical 

significance is denoted as follows: *** p < 0.01, ** p < 0.05, * p < 0.1. All specifications include region 

and year fixed effects. 

 

The coefficients of regional trade openness are statistically significant positive impact 

across all specifications. Regions with higher levels of trade integration tend to demonstrate 

higher employment probabilities among native workers. This relationship holds for both male and 

female employment, although the effect is notably stronger for female employment. Trade 

openness, as a structural indicator associated with the diversification of economic activities and 

the integration of production into global markets, reflects underlying labor demand conditions. 

Accordingly, the results suggest a positive association between trade openness and employment, 

consistent with existing evidence in the literature. 

Educational attainment is also positively related to employment probability. Holding other 

variables at their mean values, an additional year of education increases the likelihood of being 

employed by 0.9 percentage points. Marital status emerges as another important determinant of 

employment probability, particularly for females. On average, married individuals exhibit an 

employment probability that is 5 percentage points higher than that of unmarried individuals; 

however, the direction of this effect differs markedly by gender. Marriage increases the 
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employment probability of male individuals by 19.9 percentage points, whereas it reduces the 

employment probability of female individuals by 5.4 percentage points. This pattern suggests that 

marriage may act as a constraint on female labor market participation. Age is another critical 

factor that shapes employment outcomes. The positive coefficient on age, combined with a 

negative and relatively small coefficient on age squared, suggests a nonlinear relationship in 

which employment probability increases with age up to a point and declines thereafter. 

Table 3 presents skill-level evidence on the effects of Syrian refugees across skill groups, 

focusing on male individuals. The table comparatively reports results based on two alternative 

definitions of skill. In columns (1) and (3), skill is defined using both education and labor market 

experience, whereas in columns (2) and (4), it is based solely on educational attainment. This 

approach allows for a comparative evaluation of the sensitivity of the results to the definition of 

skill. Under the main specification, based on the education-and-experience classification, refugee 

inflows do not have a statistically significant effect on the employment probability of skilled 

workers. In contrast, refugee inflows reduce the employment probability of unskilled workers by 

3.5 percentage points. Relative to the baseline employment rate of unskilled male workers in the 

control group during the pre-treatment period, which is 39.5% as reported in Table 1, this implies 

a roughly 9% relative decline in employment probability. The findings based on the alternative 

classification are consistent with these main results: the effect of refugee inflows on skilled 

workers remains insignificant, while the negative effect of that on unskilled workers amounts to 

3.9 percentage points. From a theoretical perspective, when native and immigrant workers are 

substitutes, an increase in worker supply driven by immigration is expected to reduce demand for 

native workers. In this context, the negative effect of Syrian refugees, particularly on unskilled 

workers, reflects the substitution relationship proposed in the literature. 

 

Table 3. Logit Model Estimation Results for Skilled and Unskilled Employment 

Variables 
Skilled Employment Unskilled Employment 

Marginal Effect Marginal Effect Marginal Effect Marginal Effect 

Refugee Effect  

(D × T) 

-0.008 

(0.013) 

-0.016 

(0.015) 

-0.035*** 

(0.016) 

-0.039*** 

(0.013) 

Trade Openness 
0.186*** 

(0.046) 

0.150 

(0.113) 

0.285*** 

(0.077) 

0.305*** 

(0.054) 

Group 
-0.024* 

(0.017) 

0.031 

(0.022) 

0.040*** 

(0.009) 

0.004 

(0.011) 

Year 
0.040** 

(0.019) 

0.059*** 

(0.021) 

0.047*** 

(0.008) 

0.048*** 

(0.008) 

Marital 
0.164*** 

(0.009) 

0.201*** 

(0.013) 

0.085*** 

(0.010) 

0.168*** 

(0.014) 

Age 
0.048*** 

(0.006) 

0.078*** 

(0.002) 

0.342*** 

(0.016) 

0.046*** 

(0.002) 

Age² 
-0.001*** 

(0.000) 

-0.001*** 

(0.000) 

-0.008*** 

(0.000) 

-0.001*** 

(0.000) 

Observations 50,767 91,017 55,652 193,668 

Note: Standard errors are reported in parentheses and are clustered at the regional level. Statistical 

significance is denoted as follows: *** p < 0.01, ** p < 0.05, * p < 0.1. All specifications include region 

and year fixed effects. 

 

Increases in trade openness have a positive effect on the employment probabilities of both 

skilled and unskilled native workers; however, the magnitude of this effect is more pronounced 

for unskilled workers. This pattern largely reflects Türkiye’s underlying export structure, which 
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is concentrated in relatively low-skill-intensive sectors such as textiles. Existing evidence 

supports this interpretation. The OECD (2025) reports that the Turkish economy specializes 

primarily in medium-technology industries. The World Bank (2022) notes that Türkiye’s export 

basket has shifted toward medium-technology products but remains limited in high-technology 

exports. Yılmaz (2021) similarly shows that export expansions in many developing economies 

tend to increase demand for unskilled labor. In line with the existing literature, the findings 

suggest that the additional labor demand generated by export-induced production growth is 

directed predominantly toward unskilled workers. 

 

6. Robustness Checks 

To assess the reliability of the DiD estimates, several robustness analyses are conducted. 

In the baseline model, the control group comprises regions most similar to the treated regions in 

terms of development level and pre-treatment employment trends. Building on this framework, 

the treatment and baseline control groups are held fixed, and the DiD estimations are re-run using 

alternative control groups constructed by random selection. There are 26 NUTS-2 regions. 

However, the five regions in the treatment group and the three baseline control regions are 

excluded from the robustness analysis. Alternative control groups are then constructed as different 

combinations of randomly selected groups from the remaining 18 regions. In addition, to evaluate 

the robustness of the DiD results over time, the pre-treatment period (2009–2011) is kept 

unchanged, and an additional estimation is performed for the early post-treatment sub-period of 

2012–2014. This interval corresponds to the years during which refugee inflows were most 

intense and helps to attenuate the influence of macroeconomic fluctuations that may emerge over 

a longer horizon (Ceritoğlu et al., 2017). Under this design, if the estimated coefficients primarily 

reflect the labor market effects associated with refugee inflows, the impact is expected to be larger 

in the early post-treatment period (2012–2014). Consequently, the robustness analyses are 

conducted for three alternative models based on randomly selected control groups and one 

additional model focused on the specific sub-period of 2012-2014. 

 

Table 4. Robustness Analyses for DiD Estimates 

Variables 
DiD Coefficient: Refugee Effect (D × T) 

Baseline 

Model 

Alternative 

Model I 

Alternative 

Model II 

Alternative 

Model III 

2012–2014 

Period 

Total 

Employment 
-0.040*** 

(0.011) 

0.001 

(0.023) 

-0.001 

(0.024) 

-0.003 

(0.014) 

-0.059*** 

(0.013) 

Female 

Employment 
-0.052*** 

(0.019) 

0.004 

(0.027) 

-0.006 

(0.029) 

-0.001 

(0.020) 

-0.054*** 

(0.013) 

Male 

Employment 
-0.026** 

(0.011) 

-0.001 

(0.018) 

0.003 

(0.019) 

-0.004 

(0.011) 

-0.038*** 

(0.012) 

Skilled 

Employment 
-0.008 

(0.013) 

-0.005 

(0.006) 

-0.006 

(0.013) 

-0.011 

(0.006) 

-0.021** 

(0.014) 

Unskilled 

Employment 
-0.035*** 

(0.016) 

0.015 

(0.030) 

0.008 

(0.040) 

-0.004 

(0.017) 

-0.053*** 

(0.013) 

Notes: Standard errors are reported in parentheses and are clustered at the regional level. Statistical 

significance is denoted as follows: *** p < 0.01, ** p < 0.05, * p < 0.1. All models control for region 

and year fixed effects. In Alternative Model I, regions 3, 4, and 19 are used as the comparison group; in 

Alternative Model II, regions 7, 18, and 21 are used; and in Alternative Model III, regions 2, 11, and 20 

are used. 
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Table 4 presents the results of alternative comparison-group analyses conducted to 

illustrate the importance of control-group selection within the DiD framework. When alternative 

control groups that do not adequately account for observable economic and structural similarity 

are employed, the estimated effects become statistically insignificant, and the coefficient 

magnitudes decline substantially toward zero. These results emphasize that constructing a 

comparable control group is essential to obtain reliable DiD estimates. In particular, comparison 

groups that do not provide a credible counterfactual structure for the treated regions may weaken 

the interpretability and consistency of the estimated effects. This indicates that the reliability of 

the estimated effects within the DiD framework depends on the extent to which the comparison 

groups satisfy the comparability conditions required by the method. Therefore, the results support 

the methodological validity of the control-group construction adopted in the baseline 

specification. The additional robustness model for the specific sub-period allows for assessing 

whether the employment effects vary with the intensity of refugee inflows. As expected, the 

coefficients estimated for the 2012–2014 period are larger in absolute value than those obtained 

from the baseline model. These findings suggest that the labor market effects associated with 

refugee inflows may have been more pronounced on employment in the early period and is closely 

related to the intensity of refugee inflows.  

 

Table 5. DiD Estimates under Alternative Model Specifications 

Variables 

DiD Coefficient: Refugee Effect (D × T) 

Baseline 

Model 

Continuous 

DiD 

Specification 

Linear 

Probability 

Model 

Selected 

Control 

Group 

Excluding 

Trade 

Openness 

Alternative 

Threshold 

(1%) 

Alternative 

Threshold 

(3%) 

Total 

Employment 

-

0.040*** 

(0.011) 

-0.035*** 

(0.009) 

-0.041*** 

(0.012) 

-

0.042*** 

(0.011) 

-0.039*** 

(0.010) 

-0.028** 

(0.008) 

-0.038*** 

(0.012) 

Female 

Employment 

-

0.052*** 

(0.019) 

-0.049*** 

(0.011) 

-0.061*** 

(0.018) 

-

0.048*** 

(0.018) 

-0.048*** 

(0.016) 

-0.027** 

(0.013) 

-0.056*** 

(0.020) 

Male 

Employment 

-0.026** 

(0.011) 

-0.026** 

(0.012) 

-0.025** 

(0.011) 

-0.023** 

(0.010) 

-0.023** 

(0.012) 

-0.021** 

(0.010) 

-0.019** 

(0.009) 

Skilled 

Employment 

-0.008 

(0.013) 

-0.044* 

(0.024) 

-0.009 

(0.012) 

-0.009 

(0.011) 

-0.003 

(0.015) 

-0.010 

(0.017) 

-0.007 

(0.012) 

Unskilled 

Employment 

-

0.035*** 

(0.016) 

-0.021** 

(0.012) 

-0.037** 

(0.016) 

-0.039** 

(0.015) 

-0.030** 

(0.015) 

-0.022** 

(0.012) 

-0.029* 

(0.017) 

Notes: Standard errors are reported in parentheses. In all models except the Linear Probability Model 

(LPM), standard errors are clustered at the regional level. For the LPM, standard errors are computed 

using a wild cluster bootstrap procedure at the regional level. Statistical significance is denoted as 

follows: *** p < 0.01, ** p < 0.05, * p < 0.1. All models control for region and year fixed effects. 

 

Table 5 presents the results from alternative model specifications. In the baseline model, 

the treatment effect is defined using a binary variable. However, since this approach may not fully 

capture variation in refugee intensity across regions, an alternative specification is estimated as 

part of the robustness analysis, in which refugee intensity is defined as a continuous variable. In 

this model, refugee intensity is included directly as a continuous measure and interacted with the 

post-shock indicator. 

In addition, while the baseline model employs a logit specification due to the binary nature 

of the dependent variable, further estimations are conducted using a LPM to assess whether the 

results are sensitive to the functional form assumption. Moreover, to evaluate whether the findings 



Journal of Research in Economics, Politics & Finance, 2026, 11(2): 534-557 

 
550 

 

are sensitive to the definition of the control group, an alternative control group is constructed. In 

this case, rather than relying on a PSM-based approach, regions with similar economic 

characteristics to the treatment group and relatively low refugee intensity are selected to form the 

control group, and the model is re-estimated using this alternative sample. Furthermore, to 

examine the sensitivity of the findings to the threshold used in defining the treatment group, 

additional estimations are conducted by employing alternative threshold values of 1% and 3% 

refugee intensity, instead of the 2% threshold adopted in the baseline specification. Under the 1% 

threshold, regions with relatively lower refugee intensity are also included in the treatment group, 

thereby allowing the analysis to assess whether the estimated effects are sensitive to a broader 

treatment definition. In contrast, under the 3% threshold definition, only regions with relatively 

higher levels of refugee concentration are included in the treatment group. 

 Overall, the results indicate that the coefficients obtained under the continuous treatment 

specification, the LPM, the alternative treatment thresholds, and the alternative control group are 

broadly consistent in both sign and magnitude with those of the baseline model. This suggests 

that the findings remain broadly consistent across alternative specifications and control group 

definitions. Although the magnitude of the coefficients becomes somewhat smaller under the 1% 

threshold specification, the estimated effects remain negative and statistically significant across 

most specifications, indicating that the main findings are not driven by the particular threshold 

used to define treatment intensity. As an additional robustness check, the baseline model is re-

estimated by excluding the region-specific trade openness variable. This robustness check is 

particularly crucial given potential concerns that trade openness may be endogenous to refugee 

flows or may act as a post-treatment variable, thereby leading to biased estimates. The results 

remain largely unchanged, indicating that the estimated refugee effects are not driven by the 

inclusion of trade openness and are robust to alternative model specifications. 

 

Table 6. Placebo Analyses (West–Central–East Classification) 

Variables 
DiD Coefficient: Refugee Effect (D × T) 

Baseline  

Model 

Placebo 1 

(West) 

Placebo 2 

(Central) 

Placebo 3 

(East) 

Total Employment 
-0.040*** 

(0.011) 

0.006 

(0.012) 

0.003 

(0.012) 

0.010 

(0.012) 

Female Employment 
-0.052*** 

(0.019) 

0.008 

(0.017) 

0.001 

(0.016) 

0.022 

(0.019) 

Male Employment 
-0.026** 

(0.011) 

0.003 

(0.009) 

0.007 

(0.009) 

0.004 

(0.007) 

Skilled Employment 
-0.008 

(0.013) 

-0.004 

(0.005) 

0.001 

(0.004) 

-0.001 

(0.020) 

Unskilled Employment 
-0.035*** 

(0.016) 

0.007 

(0.012) 

0.011 

(0.015) 

0.024 

(0.011) 

Notes: Standard errors are reported in parentheses and are clustered at the regional level. Statistical 

significance is denoted as follows: *** p < 0.01, ** p < 0.05, * p < 0.1. All models control for region 

and year fixed effects. 

 

Table 6 reports the results of the placebo analyses. Placebo tests are conducted to assess 

whether the estimated effects may be driven by random shocks. For this purpose, the actual 

treatment regions are excluded, and false treatment assignments are given to alternative groups 

selected from among the untreated regions. The DiD model is then re-estimated using these 

placebo groups. The placebo groups are randomly constructed to represent the western, central, 
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and eastern regions of Türkiye. Accordingly, Placebo 1 is defined using groups selected from the 

western regions, Placebo 2 from the central regions, and Placebo 3 from the eastern regions 

(Bağır, 2018). The findings from the placebo analyses show that the estimated treatment effect is 

statistically insignificant and that the sign of the coefficient is reversed relative to the baseline 

results. Taken together, these findings provide additional support for the interpretation that the 

baseline findings are unlikely to be driven solely by random shocks. 

 

7. Conclusion 

This study examines the impact of Syrian refugees on the labor market in Türkiye using a 

DiD framework. Since the reliability of the DiD estimates depends critically on the comparability 

of treatment and control groups, the selection of regions is informed by a propensity score 

approach. Importantly, the PSM approach is not employed to directly estimate causal effects, but 

rather to construct a more balanced comparison between treated and non-treated regions in terms 

of observable characteristics. Accordingly, PSM serves as a complementary tool that strengthens 

the validity of the DiD estimates. 

The findings provide evidence consistent with a negative association between refugee 

inflows and overall employment for native workers. However, the magnitude of this effect varies 

across segments of the labor market, with a more pronounced decline among low-skilled workers. 

In particular, the relatively larger negative associations observed for the unskilled workers are 

consistent with the empirical literature, suggesting that immigrants are more likely to compete 

with native workers in low-skill jobs (Borjas, Freeman, and Katz, 1997; Borjas, 2003; Cohen-

Goldner and Paserman, 2004; Del Carpio and Wagner, 2015; Nickell and Saleheen, 2015). 

Gender-disaggregated results indicate that both male and female employment is adversely 

affected. However, the decline is more pronounced for female workers.  In relative terms, the 

estimated effects correspond to an overall decline of approximately 10% in employment 

probability, with a substantially larger impact on female workers, for whom employment declines 

by around 27%, compared to a decline of around 4% for male workers. This pattern is consistent 

with existing empirical evidence for Türkiye, which shows that refugee inflows tend to have a 

stronger impact on female labor market outcomes than on those of male workers (Ceritoğlu et al., 

2017; Aksu et al., 2018). This pattern may reflect the relatively more vulnerable position of female 

workers in the labor market, as well as their concentration in low-paid, informal, and part-time 

jobs. Finally, the regional trade openness variable included in the model is associated with higher 

employment across all categories, with a more pronounced effect observed among low-skilled 

workers.  

The empirical results of this study offer important policy implications for Türkiye’s labor 

market. The findings suggest that unskilled and female workers may face relatively greater labor 

market pressures in regions experiencing high refugee inflows. Therefore, it is crucial to develop 

specific policies targeting these groups to reduce the competitive pressures on refugees in the 

labor market. In this context, strengthening active labor market policies through programs that 

focus on skills development, vocational training, and reskilling initiatives can increase the 

employment probability of individuals and reduce the substitution pressure of refugees on native 

unskilled and female workers. Additionally, financial incentives and employment support are also 

crucial to ease the competitive pressures of refugees. In particular, wage subsidies and social 

security contribution exemptions for firms that increase the employment of native female workers 
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can mitigate the negative impact of informal refugee workers. Beyond these, the positive impact 

of regional trade openness on employment highlights another important mechanism that requires 

support to mitigate the adverse impact of immigration on native workers. Policies that increase 

regional trade capacity and strengthen production infrastructure are likely to increase labor 

demand. Accordingly, regional export support programs, initiatives that encourage production 

diversification, and programs, especially for small-scale firms, that facilitate access to foreign 

markets, can mitigate the adverse employment effects of refugees.  These initiatives may also 

contribute to the creation of new job opportunities for both refugees and native workers.  

This study is subject to several limitations that should be considered when interpreting the 

findings. First, the analysis is confined to the period covered by the available dataset and focuses 

exclusively on employment outcomes, leaving aside other dimensions such as wages, informality, 

and sectoral labor mobility, which are particularly relevant given that Syrian refugees in Türkiye 

are largely integrated into the labor market through informal channels. Second, the treatment 

groups are defined using 2014 refugee intensity data, which postdates the onset of the refugee 

shock in 2012. Although this approach is motivated by data constraints and is consistent with the 

existing literature, the findings should therefore be interpreted as evidence broadly consistent with 

a negative association between refugee inflows and native employment rather than as definitive 

causal effects. Third, the estimated effects exhibit some sensitivity to the degree of economic and 

structural similarity across the selected control groups. Therefore, causal interpretations should 

be evaluated by considering the extent to which the comparison groups satisfy the assumptions 

required by the DiD framework. Fourth, the limited number of regional clusters may affect the 

precision of statistical inference, and potential spillover effects across regions cannot be fully 

ruled out, implying that the SUTVA assumption may not hold perfectly in this context. Finally, 

although robustness checks excluding the trade openness variable yield broadly similar results, 

the possibility of post-treatment bias arising from the contemporaneous measurement of this 

variable cannot be entirely eliminated. In addition, although regional trade openness is 

incorporated into the model as a contextual variable, the DiD framework does not allow for 

directly testing how trade openness differentiates the labor market effects of refugee inflows. In 

other words, the model estimates the average effect of refugee exposure but does not account for 

how this effect varies across regions with different levels of trade openness. Analyzing such 

heterogeneous effects requires an extended empirical framework based on the triple-difference 

(DDD) approach, which enables the analysis of the triple interaction terms. Future research may 

extend the analysis to examine wage effects, informality, sectoral labor dynamics, and the role of 

trade openness in moderating the labor market effects of refugee inflows. Such extensions would 

contribute to a more comprehensive understanding of the labor market impacts of migration. 
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APPENDICES 

Table A1 provides detailed definitions of all dependent and independent variables employed in the 

empirical analysis. 

 

Table A1. Definitions of Variables Used in the Empirical Analysis 

Dependent 

Variables 
Definitions 

Total 

Employment 

A binary (dummy) variable that takes the value of 1 if the individual is employed and 

zero otherwise. 

Female 

Employment 

A binary variable that takes the value of 1 if a female individual is employed and 

zero otherwise. 

Male 

Employment 

A binary variable that takes the value of 1 if a male individual is employed and zero 

otherwise. 

Skilled 

Employment 

A binary variable that takes the value of 1 if a male individual has at least 12 years 

of education and 10 or more years of work experience, and zero otherwise. 

Unskilled 

Employment 

A binary variable that takes the value of 1 if a male individual has less than 12 years 

of education and less than 10 years of work experience, and zero otherwise. 

Independent 

Variables 
 

Refugee Effect 

(D × T) 

An interaction term constructed as the product of the group and time indicators, 

taking the value of 1 for observations that belong to the treatment group during the 

intervention period and zero otherwise. 

Trade Openness 

Ratio 

A continuous variable measuring regional trade openness, defined as the ratio of total 

foreign trade volume (exports plus imports) to GDP. 

Group Indicator 
A binary variable that takes the value of 1 for regions assigned to the treatment group 

and zero for regions assigned to the control group. 

Time Indicator 
A binary variable that takes the value of 1 for the post-intervention period (2012 and 

subsequent years) and zero for the pre-intervention period (2009–2011). 

Education 
A continuous variable indicating the total number of years of education completed 

by the individual. 

Gender 
A binary variable that takes the value of zero for male individuals and 1 for female 

individuals. 

Marital Status 
A binary variable that takes the value of 1 for married individuals and zero for 

unmarried individuals. 

Age 
A continuous variable indicating the individual’s age. The analysis is restricted to 

individuals aged between 15 and 65. 

Age Squared 

(Age²) 

Included in the model to account for the nonlinear relationship between age and 

employment, allowing for the estimation of an inverted U-shaped relationship 

whereby the effect of age on employment is initially positive but decreases beyond a 

certain age. 
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Table A2. Regional Distribution of Syrian Refugee Intensity at the NUTS-2 Level 

Region 

Code  
Region 

Syrian 

Refugee 

Ratio 2011 

Syrian 

Refugee 

Ratio 2012 

Syrian 

Refugee 

Ratio 2013 

Syrian 

Refugee 

Ratio 2014 

TR10 İstanbul 0.00%  0.00% 0.00% 1.30% 

TR21 
Tekirdağ, Edirne, 

Kırklareli 
0.00%  0.00% 0.00% 0.59% 

TR22 Balıkesir, Çanakkale 0.00%  0.00% 0.00% 0.11% 

TR31 İzmir 0.00%  0.00% 0.01% 1.65% 

TR32 Aydın, Denizli, Muğla 0.00%  0.00% 0.00% 0.28% 

TR33 
Manisa, Afyonkarahisar, 

Kütahya, Uşak 
0.00%  0.00% 0.00% 0.10% 

TR41 Bursa, Eskişehir, Bilecik 0.00%  0.00% 0.00% 1.06% 

TR42 
Kocaeli, Sakarya, Düzce, 

Bolu, Yalova 
0.00%  0.00% 0.01% 0.23% 

TR51 Ankara 0.00%  0.00% 0.01% 0.56% 

TR52 Konya, Karaman 0.00%  0.00% 0.01% 0.45% 

TR61 Antalya, Isparta, Burdur 0.00%  0.00% 0.00% 0.15% 

TR62 Adana, Mersin 0.00% 0.00% 0.28% 4.63% 

TR63 
Hatay, Kahramanmaraş, 

Osmaniye 
0.00% 0.02% 1.85% 7.90% 

TR71 

Kırıkkale, Aksaray, 

Niğde, Nevşehir, 

Kırşehir 

0.00% 0.00% 0.01% 0.22% 

TR72 Kayseri, Sivas, Yozgat 0.00% 0.00% 0.01% 0.63% 

TR81 
Zonguldak, Karabük, 

Bartın 
0.00% 0.00% 0.00% 0.02% 

TR82 
Kastamonu, Çankırı, 

Sinop 
0.00% 0.00% 0.00% 0.04% 

TR83 
Samsun, Tokat, Çorum, 

Amasya 
0.00% 0.00% 0.00% 0.06% 

TR90 
Trabzon, Ordu, Giresun, 

Rize, Artvin, Gümüşhane 
0.00% 0.00% 0.00% 0.04% 

TRA1 
Erzurum, Erzincan, 

Bayburt 
0.00%  0.00% 0.00% 0.02% 

TRA2 
Ağrı, Kars, Iğdır, 

Ardahan 
0.00%  0.00% 0.00% 0.03% 

TRB1 
Malatya, Elazığ, Bingöl, 

Tunceli 
0.00%  0.00% 0.23% 0.30% 

TRB2 
Van, Muş, Bitlis, 

Hakkari 
0.00%  0.00% 0.00% 0.07% 

TRC1 
Gaziantep, Adıyaman, 

Kilis 
0.00%  3.50% 11.65% 16.26% 

TRC2 Şanlıurfa, Diyarbakır 0.00%  0.01% 1.47% 7.02% 

TRC3 
Mardin, Batman, Şırnak, 

Siirt 
0.00%  0.00% 0.10% 2.63% 

Source: DGMM (2023). 
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Figure A3 presents a comparison of the treatment and control groups with respect to key 

macroeconomic indicators in the pre-intervention period. 

 
Figure A3. Comparison of the Treatment and Control Groups Based on Macroeconomic Indicators 

Source: TURKSTAT 

 

Table A4. Pre-Treatment Mean Values for the Treatment and Control Groups. 

Variable 
Treatment Group 

Mean 

Control Group 

Mean 

GDP  17.029 16.699 

Export Ratio 2.093 1.933 

Employment Rate 0.361 0.393 

Per Capita Income 9.262 9.531 

Population 1855.800 1523.333 

Note: The reported values represent averages for the 2009–2011 period. All variables correspond to the 

pre-treatment covariates used in the propensity score estimation. 
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