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Abstract

How does violence in origin areas affect the educational outcomes of refugees in their destinations?
Using administrative panel data, we find that heightened violence in the hometowns of Syrian
students leads to improvements in their school outcomes in Tiirkiye. Turkish language and Math
scores of refugee students improve, with larger impacts on Turkish language scores. Naturalized
Syrian students, however, exhibit negligible effects. We also study the spillover effects on Turkish
students. Our findings suggest that ongoing violence in refugee-origin areas reduces the perceived
likelihood of returning home and motivates students to increase their integration efforts by
investing in education.
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1 Introduction

Amidst an unprecedented global displacement crisis, where 1.4 percent of the world’s popu-
lation was forcibly displaced by 2022—more than tripling the 0.4 percent recorded in 1990
(United Nations High Commissioner for Refugees, 2022)—the humanitarian challenges are
profound and extensive. Notably, developing countries shoulder most of the burden, hosting
approximately 75 percent of the world’s refugees, with nearly half being children. Persistent
crises in countries like Syria, Afghanistan, Ukraine, Venezuela, Libya, Palestine, and Yemen

indicate that achieving political stability remains elusive in the foreseeable future.

The conflict in Syria began in 2011 and rapidly escalated into a full-scale civil war, trig-
gering a mass exodus and leading to one of today’s most significant refugee and displacement
crises (World Bank, 2023). Millions sought refuge in neighboring Tiirkiye, Lebanon, and Jor-
dan. Tirkiye hosted the largest population of Syrian refugees, reaching approximately 3.8
million by June 2022." By about 2023, the likelihood of return to Syria had diminished signif-
icantly due to ongoing political instability, persistent conflict, proxy wars, and the emergence

of extremist groups.

Syrian children have borne a disproportionate burden of the adverse effects stemming from
violent conflict, forced displacement, and persistent instability. At the beginning of the 2022-
23 school year, approximately 1.4 million school-age (5-17) refugee children were present in
Thirkiye, exhibiting lower test scores, reduced enrollment, and higher absenteeism compared
to their native peers (Tumen et al., 2023). These disparities are frequently attributed to
language barriers, identified as a primary challenge for the educational integration of refugee
children (UNHCR, 2019; Tumen et al., 2025). In addition to language barriers and other
integration challenges arising from forced displacement, Syrian children in Tiirkiye are con-
sistently exposed to news concerning ongoing violence and casualties in their hometowns. By
2022, an estimated 306,887 civilians (about 84 civilians a day) had lost their lives since the
conflict’s onset, underscoring the brutal impact on civilian lives (SNHR, 2023). As discussed
later in the paper, violence and casualties in Syria exhibit significant variation across time

and space.

Against this backdrop, we focus on a previously under-explored dimension: how con-
temporaneous violence in the district of origin affects refugee integration. The unresolved
conflicts, particularly in Syria, cast a long shadow on the prospects of return, prompting a
closer examination of how this protracted instability affects human capital investment deci-
sions—serving as a proxy for integration efforts, aspirations, and return expectations—among

refugee children in Tiirkiye.

We estimate the causal effect of ongoing violence in Syria on the educational outcomes
of refugee children in Tiirkiye. The heightened levels of concurrent violence may influence
educational attainment through two opposing mechanisms. On the one hand, the trauma

experienced may worsen schooling outcomes. On the other, the continued violence may

'See https://data.unhcr.org/en/situations/syria/location/113 for data and the latest trends.
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alter expectations, prompting refugee children to reassess their beliefs about the likelihood of
returning to Syria. This despair, in turn, may lead to more investments in their educational
development, as an effort to integrate more effectively into their host communities.

To unravel this puzzle, we obtain individual-level administrative panel data that compre-
hensively document the academic performance of Syrian and Turkish students, and merge it
with detailed information regarding the timing, location, and intensity of violence in their
hometowns in Syria. Since we observe Syrian students’ districts of birth, our identification
strategy exploits variation in conflict intensity across origin districts and academic semesters.

Controlling for individual, years since arrival, and the unique combination of teacher-
classroom-semester fixed effects, we find an improvement in both Turkish language and Math
scores of refugee students in response to heightened violence in their Syrian hometowns. No-
tably, the increase in Turkish language scores is larger than that observed in Math, supporting
the interpretation that these children are intensifying their efforts to integrate into their host
communities. Conversely, naturalized Syrian students show a much smaller, or no response
to hometown violence in terms of changes in academic performance, and absenteeism remains

unaffected.

Additionally, there is no evidence suggesting that ongoing violence leads to differential
attrition among Syrian students. When examining gender-based heterogeneity, we find that
the impact of violence on Math scores is primarily driven by female students. We also
document that students from areas with higher levels of past violence exhibit a stronger
positive response in academic performance to increases in current violence. Finally, Syrian
students’ increased academic effort in response to hometown violence has positive spillover
effects on Turkish students. These results highlight the importance of positive peer effects

from refugee children to their native-born counterparts.

Our estimates remain robust across various specifications and sensitivity checks. The
results are consistent when using alternative measures of conflict intensity (violent events
and fatalities), and when applying alternative transformations of our outcomes including the
inverse hyperbolic sine (IHS) transformation and standardization by grade. We employed
the “clean control” analysis to address potential biases in two-way fixed effects estimations
(de Chaisemartin et al., 2022), and our findings remained stable. The robustness of our results
was further confirmed by excluding one Turkish province at a time and one semester at a time,
ruling out the influence of any single geographic area or time period. Additionally, we find
null effects for treatment leads, supporting the validity of our identification strategy. Since
we include the unique combination of teacher-classroom-semester fixed effects throughout,
our results cannot be explained by teacher characteristics such as teaching style, experience,
assessment practices, or potential grading biases — including any tendency to grade refugee
students more favorably during periods of heightened conflict in their home countries.

Our estimates suggest that increased violence in Syrian children’s hometowns leads to
improved academic outcomes in Tiirkiye, likely because the violence-driven changes in ex-



pectations and increased despair about returning home generate greater integration efforts,
which outweigh the potential negative effects of trauma.

These findings contribute to two distinct strands of the migration literature. First, we are
the first to document the impact of ongoing violence in refugees’ hometowns on the academic
performance of immigrant students in the host country. While previous research has predom-
inantly focused on the effects of past cumulative direct exposure to violence—highlighting its
adverse impacts on various life outcomes (Verwimp and Van Bavel, 2014; Akbulut-Yuksel,
2014; Bertoni et al., 2019)*—our study shifts the focus to contemporaneous knowledge of vio-
lence while abroad, which can alter expectations and investments in human capital in unique
ways. This complements the literature exploring how local exposure to crime and police
activity around schools negatively affects educational outcomes (Cabral et al., 2024; Koppen-
steiner and Menezes, 2021; Ang, 2021; Brown and Velasquez, 2017; Chang and Padilla-Romo,
2023).> However, we examine the effect of large-scale violence occurring simultaneously in the
hometowns of refugee students, albeit from a distant country. While this violence does not
directly endanger refugee students’ physical safety, it functions as a mechanism that reduces
their perceived probability of returning home. Our findings reveal that exposure to ongoing
violence in the hometown increases human capital accumulation by diminishing the expected

likelihood of return.

Second, we contribute to the refugee integration literature by offering causal evidence that
worsening conditions in the home country increases refugees’ integration efforts. We provide
empirical support for theoretical notions suggesting that human capital investment abroad
rises with the expected duration of migrant stay. Existing evidence indicates that refugees
are less likely to return compared to economic (or voluntary) immigrants (Cortes, 2004).
Generally, the longer immigrants envision staying, the more they invest in their human capital
(Dustmann, 1996; Khan, 1997; Adda et al., 2022) and local language acquisition (Abramitzky
et al., 2023), while saving less and sending fewer remittances to their home country (Galor
and Stark, 1990; Merkle and Zimmermann, 1992).

Our results also inform the ongoing debate around refugee return in light of recent political
developments in Syria. The overthrow of President Bashar al-Assad’s regime by rebel forces
has created new uncertainties for Syrian refugees. While this change may present opportu-
nities for return, important obstacles persist. The prolonged conflict has severely damaged
Syria’s infrastructure, compromising access to essential services like housing, water, and elec-
tricity. Questions about the stability and governance capacity of the new ruling coalition
raise concerns about sustainable resettlement. Meanwhile, policy shifts in host countries,
including suspended asylum applications and planned deportations, are pressuring refugees
to consider returning. Our findings suggest that such political and policy uncertainties will
continue to shape Syrian refugee children’s integration and human capital accumulation in
host countries.

2See also, Angrist and Kugler (2008), Chamarbagwala and Moran (2011), Shemyakina (2011), Leon (2012),
Rodriguez and Sanchez (2012), Justino et al. (2014), and Bruck et al. (2019)
3See also Monteiro and Rocha (2017), Casey et al. (2018), and Michaelsen and Salardi (2020).



The plan of the paper is as follows. In Section 2, we provide an overview of the background.
Section 3 delves into the specifics of our data, while Section 4 outlines our empirical strategy.
Our findings are discussed in Section 5, and Section 6 concludes.

2 Background and institutional setting

2.1 Armed conflict and violence in Syria

The Syrian conflict began in early 2011 as a peaceful protest triggered by discontent with
the government. However, it swiftly escalated, encompassing a vast geographical area and
evolving into a full-scale civil war. This conflict gave rise to one of the largest refugee waves in
human history. The origins of the crisis are rooted in a complex array of political, historical,

religious, and economic factors.*

Here, we discuss three prominent features of the violence, crucial for understanding the
context and research design. First, the conflict displayed significant temporal variation, as
illustrated in Figure Al. It began escalating in early 2012, peaking by the end of 2014.
Although it gradually subsided thereafter, intermittent spikes persisted. In December 2024,
President Assad was overthrown, and rebel groups claimed to take control of the capital.
A key factor contributing to this temporal variation was the direct involvement of foreign
countries, such as Russia, the US, and Iran.” Additionally, the timing of Syrian refugee flows
into Tiirkiye aligns with the pattern of violent events in Syria (Figure A2).

Second, the conflict and its temporal variation exhibit significant regional disparities,
based on the presence of various rebel groups and Kurdish forces. Figure A3 illustrates
cumulative violence across regions, showcasing considerable regional variation. Meanwhile,
Figures A4 and A5 reveal significant variation in the patterns of violence across regions,
with conflict events igniting and dissipating at different times in different areas. The ethnic
and religious diversity of Syria’s demographic structure plays a pivotal role in creating these
regional differences.® Figure A6 displays the distribution of Syrian students in our data set
based on their district of birth.

Finally, the temporal and regional variation in violence exhibit similar patterns across
different measures of violence. As detailed in Section 4, we employ two distinct measures
of violence in this paper: the number of violent events and the number of conflict-related
fatalities. The first measure can be viewed as the extensive margin of violence, relying solely
on event counts. In contrast, the second measure represents the intensive aspect, quantifying
the intensity of each event.

“For further reading, see Phillips (2015), Van Dam (2017), Abel et al. (2019), Daoudy (2020), and Tumen (2023).

SRussia increased its military presence in Northern Syria in late 2014 and conducted a series of air strikes and
ground operations throughout 2015, leading to an upsurge in violent events in 2014 and 2015.

For information about the pre-war heterogeneity in population, see Khalifa (2013).



2.2 School integration of refugee children

The integration of refugee children into schools has proven challenging, primarily due to
language barriers. Syrians speak Arabic, and there are significant differences between Arabic
and Turkish, notably in their alphabets. This distinction makes it particularly difficult for
Syrian children to learn Turkish. Typically, Syrian children are exposed early to the Arabic
alphabet at home or through preschool attendance in local Quran courses (Boucher et al.,
2021; Tumen et al., 2025).

The number of Syrian refugees in Tiirkiye was relatively small during the initial stages
of the conflict (Figure A2). The Turkish government constructed refugee accommodation
camps near the Syrian border, primarily to provide emergency humanitarian assistance, with

the initial expectation that refugees would eventually return to Syria.

By mid-2014, the Syrian conflict had intensified significantly, leading to a more than
threefold increase in refugees by early 2016. Initially, educational services for Syrian refugee
children were limited to small-scale, project-specific initiatives by non-governmental organi-
zations within camps, supervised by the Ministry of National Education of the Republic of
Tiirkiye (MoNE). However, recognizing the urgent need for educational integration as the
crisis deepened, the Turkish government overhauled its policies to fully integrate Syrian chil-
dren into the public education system, implementing nationwide programs funded by the EU
Facility for Refugees in Tiirkiye (FRIT). A crucial aspect of this policy change was ensuring
free access to education for all Syrian refugee children, granting them the same rights as
Turkish citizens to attend public schools without paying tuition fees.

3 Data

Administrative data on educational outcomes. The primary data source for refugee
and native students’ academic performance is the administrative data obtained from MoNE,
for the academic years between 2011-12 and 2018-19. In our main analysis, we focus on
refugee students; but for analyzing spillovers, we also use data on Turkish students.

Our outcomes include the end-of-semester scores from all courses taken by all registered
students, and their absenteeism records. The end-of-semester score is derived from a weighted
average of exam results, quizzes, homework assignments, and other graded activities for each
course. Absenteeism is quantified in terms of days missed per academic year for each student.
Additionally, the dataset contains school names, unique teacher ID numbers, classroom and
grade-year information, and key individual-level characteristics, including gender, date of
birth, and place of birth (governorate and district). While data on parental characteristics

is available, it has several missing entries.

Our data set includes all refugee and native students registered in Turkish schools across
four provinces: Ankara, Bursa, Gaziantep, and Sanhurfa. Ankara, Tiirkiye’s capital, is
the second-largest city, with a population exceeding 5.7 million. Bursa, situated in the



northwestern region of Tiirkiye, ranks as the fourth-largest city, with a population of over 3.1
million. It is an appealing destination for refugees due to the presence of large manufacturing
companies, which provide employment opportunities. Gaziantep and Sanlurfa, neighboring
provinces to Syria, are known for hosting significant refugee populations, with some schools
in these areas experiencing substantial refugee enrollments. Initially, during the early stages
of the Syrian crisis, these provinces housed large refugee camps. Following the closure of
these camps, a significant number of refugees remained in Gaziantep and Sanlurfa due to
geographical and cultural proximity to Syria.

We focus on grade levels 4 through 12. In grade levels 1 to 3, grading is rather informal and
employs a three-category scale (good, intermediate, should be improved) primarily intended
for guidance rather than evaluation. Conversely, for grade levels 4 to 12, a formal grading
scale ranging from 0 to 100 is used.

Our empirical analysis focuses on mandatory courses (Turkish language and Math) taken
by all students, along with absenteeism, as key variables. Turkish language scores measure
communication skills in the local language, also making them a valuable indicator of social
integration. Additionally, language proficiency serves as a proxy for non-cognitive skills and
enhances learning efficiency across other subjects. Math scores, on the other hand, assess
students’ cognitive and analytical capabilities. In combination, Math and Turkish language
scores provide a comprehensive measure of the core components of refugee students’ academic
capacity, school performance, and human capital. Absenteeism serves as an indicator of school
attachment or school integration for refugee students.

Conflict data. The conflict data is from the Uppsala Conflict Data Program (UCDP)
Georeferenced Event Dataset, which collects information on state-based armed conflicts, non-
state conflicts, and one-sided violence. This data set specifically includes conflicts that have
exceeded the threshold of 25 battle-related deaths in a single calendar year.” We concentrate
on violent incidents and related fatalities that occurred during the Syrian civil war between
2011 and 2019, specifically at the district level, covering 44 Syrian refugee hometown districts.

Constructing the study sample. We merge administrative education data with the
conflict data, using the district of birth information. While Math and Turkish language
scores are recorded for each semester, absenteeism provides the school days missed in an
academic year. We create two data sets: one at the semester level and the other at the year
level. At the semester level, we aggregate conflict-related events and fatalities occurring in
each Syrian district during semester s. The fall semester spans September to January, while
the spring semester is from February to May. In the final semester sample, we only include
students for which both Math and Turkish language scores were recorded in semester s. At
the year level, we aggregate conflict-related events and fatalities occurring in each Syrian
district during academic year y. We exclude events or fatalities that took place during the
summer holidays, from June to August, from both of our data sets.

If a conflict exceeded the 25-death threshold in a single year, but produced events in either preceding or subsequent
years, all events associated with that conflict are considered, even if the threshold was not surpassed in those years.



Descriptive statistics. Figure A7 shows the distribution of Math and Turkish language
scores among Syrian students. The red vertical dashed line illustrates the average scores
achieved by native students, while the vertical blue solid line represents the corresponding
scores for Syrian students. On average, Syrian students achieve a Math score of 57.8, whereas
Turkish students score 64.9. Notably, the difference in Turkish language scores is more
substantial, exceeding 10 points, with Syrian students averaging 58.3 and Turkish students
69.9.8

Figure A8 shows the distribution of the number of school days missed per school year for
the full sample (Panel A) and observations below the 95th percentile (Panel B).” The red
vertical dashed line represents the average number of school days missed per school year by
native students, and the vertical blue solid line represents the mean for Syrian students. Both
panels show that Syrian students are absent more frequently than their Turkish classmates.
On average, Syrian students miss 10 days of school per year (Panel B), while their Turkish
classmates miss 7.6 days (statistically significant at the 1% level).

We measure concurrent ongoing violence in the Syrian students’ district of birth dur-
ing each semester by the number of events, and separately the number of conflicted related
fatalities. On average, Syrian students in Tirkiye are exposed to 81 attacks, with 346 cor-
responding deaths in their hometowns during a semester. The medians are 35 and 93 for
attacks and deaths, respectively.

4 Empirical Strategy

To investigate the impact of ongoing violence in the Syrian students’ district of birth on their
outcomes in Tirkiye, we estimate the following specification with individual fixed effects:

In Y;dcsy = 5111 Vdsy + fz + fa + ftcsy + €idesy (1)

where 1, d, ¢, s, y, a, and t index individual students, districts of birth in Syria, classrooms,
semesters, academic years, years since arrival, and teachers, respectively. Y is the end-of-

semester Math or Turkish language score, V' is the violence indicator, and € is an error term.

The treatment variable, V| is defined in two ways to capture both the intensive and
extensive margins: (i) the number of violent events in the district of birth d, during semester
s, and year y; and (i) the number of conflict-related fatalities in the district of birth d,
during semester s, and year y.'’ Figure 1 shows a timeline that explains how the treatment

variables are constructed.

8Differences in Math and Turkish language scores between refugee and native students are statistically significant
by t-test at the 1% level.

9Panel A in Figure A8 illustrates the distribution of the number of school days missed in a year among Syrian
students. On the right tail of the distribution, it is evident that some students missed more than 150 days of school,
suggesting they were enrolled but did not attend. Panel B in Figure A8 removes these points.

OWe apply a logarithmic transformation to the values, adding 1 to avoid issues related to missing data. In results
available upon request, we find that our results are not sensitive to this choice. In the Appendix, we demonstrate that
our findings are robust to the inverse hyperbolic sine (IHS) transformation.



Figure 1: Treatment timing example

Academic Year: 2011-12 Summer holiday

Fall semester Spring semester

Sept Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug

Visy; s=1, y=2011-12 Visy; s=2, y=2011-12
Academic Year: 2012-13 Summer holiday
Fall semester Spring semester

Sept Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug

Visy; s=1, y=2012-13 Visy; 5=2, y=2012-13

Notes: Visualization of how the treatment is calculated at the semester level, focusing on just two
of the years. s represents semesters, and y, the academic year.

Individual fixed effects (f;) capture the effect of time-invariant student characteristics on
outcomes (such as innate ability or motivation, past conflict exposure, and parental back-
ground). Overall, it controls for the possibility that differences between students drive the

observed outcomes.

The years since arrival fixed effects f, account for the influence of time-related factors
(such as acculturation, language proficiency, education system familiarity, social integration)
associated with a student’s duration of residence in the host country on their academic

outcomes.

Finally, we include a fixed effect for each unique combination of teacher, classroom,
semester, and academic year fi.s,, capturing a wide variety of characteristics. At the class-
room level, these fixed effects account for physical environment factors such as room layout,
lighting, available technology, class size, and time-of-day effects. Semester-specific variations
like seasonal patterns, term length, and testing schedules are absorbed, while academic year
factors encompass curriculum changes, policy updates, administrative shifts, and cohort ef-
fects. Beyond these independent dimensions, the fixed effects capture teacher characteristics
including teaching style, experience, assessment practices, and potential grading biases, such
as whether teachers grade refugee students more favorably during periods of heightened con-
flict in their home countries. These fixed effects also account for how these elements interact
— for instance, how teachers adapt their methods across different rooms or semesters, how
classroom dynamics evolve throughout the year, and how teaching effectiveness varies with
available resources.



This approach means that these high-dimensional fixed effects account for any unobserved
variation at the classroom or academic year level. Consequently, including separate fixed
effects for classrooms, or academic years would be redundant and lead to perfect collinearity
in the estimation model.

Standard errors are clustered at the district of birth for refugee students in Syria. Addi-
tionally, we provide bootstrapped standard errors and explore alternative clustering levels in
the appendix, demonstrating that our results remain robust.

Our identification assumption is that the timing, occurrence, and magnitude of violence in
a refugee student’s hometown in Syria are independent of factors influencing their concurrent
school performance in Tiirkiye, conditional on the fixed effects.

5 Results and discussion

5.1 Main estimates

In Table 1, we present the results based on Equation 1. Our analysis focuses on two key
performance indicators that capture the academic achievements of Syrian children: (log)
Turkish language scores and (log) Math scores. These scores represent overall outcomes at
the end of the semester and encompass a composite evaluation of exams, assignments, class

participation, and other graded components.

In columns 1, 3, 5, and 7, our estimates incorporate fixed effects for individuals, time since
arrival, and grade level. For columns 2, 4, 6, and 8, we use a more detailed fixed effects specifi-
cation that combines teacher-classroom-semester- academic year instead of grade-level effects.
Throughout our tables, we refer to this comprehensive combination simply as ”teacher fixed
effects” for brevity. This latter specification is more stringent since it captures all unobserved
characteristics at the teacher-classroom level, including teaching style, peer effects, and any
temporal factors specific to that learning environment. Our analysis uses two different mea-
sures of the treatment: the logarithm of the number of violent events and the logarithm of
the number of fatalities. The former represents the extensive margin of the treatment, while

the latter captures the intensive margin.

Across all columns, for both measures of violence, we consistently find that the Turkish
language and Math scores of Syrian students improve in response to heightened levels of
violence in their place of origin.!! Column 2 indicates that for a shift from the 50th to 75th

percentile of violent events, we would expect Turkish language scores among Syrian students

11n Appendix Table A1, we report results from models without individual fixed effects. Unlike our main specifica-
tions with individual fixed effects, these models show no significant relationship between origin conflict and academic
performance. This difference highlights the importance of accounting for individual heterogeneity in several ways.
First, students from conflict-afflicted regions might differ systematically in unobserved characteristics such as resilience
or family support, which could confound the conflict-academic achievement relationship. Second, the timing of conflict
might correlate with broader economic or political changes that affect different students differently, making individual
fixed effects crucial for isolating the conflict effect. Third, measurement error in conflict exposure might correlate with
student characteristics, leading to attenuation bias in models that don’t account for individual heterogeneity.

10



to increase by 2.7 percent. At the mean, this is an increase of around 2 points or equivalently
closing the gaps between Syrian and Turkish students by 16 percent.'?

The shift from the 50th to the 75th percentile in the casualties treatment, leads to an
average 1.8 percent increase in Turkish language scores. Although this effect is economically
smaller than effects at the extensive margin it is meaningful. It is comparable to a 1 point
improvement at the mean or equivalently would close the gap between the average Syrian
and Turkish student by 8 percent.

While the effect of violence on Math scores is positive and statistically significant, it is
somewhat less sizable. If the number of violent events shifts from the 25th to the 75th
percentile, Math scores increase by a little under 1 percent, on average. This corresponds to
an approximately half point increase for Syrian students who score around the mean. While
this is economically small, the gap between Syrian and Turkish students is only around 7
points when it comes to Math scores therefore a half point increase corresponds to closing
the gap by around 7 percent. Similarly, if the number of fatalities rises from the 25th to the
75th percentile, Math scores are likely to increase by less than 1 percent, on average.

Our results suggest that heightened violence in their hometowns is associated with a more
significant improvement in Turkish language scores compared to Math scores among Syrian
refugees. This may reflect the fact that children put considerable effort to integrate into their
new society. As violence intensifies in their hometowns, Syrian students proactively invest
in improving their Turkish language skills, a crucial step in achieving effective integration,
which enhances their communication and participation in educational and social activities.
We also find a modest increase in Math scores, which may reflect the increased academic
effort stemming from the reduced likelihood of return, or reflect improved language skills
needed for Math.

Do higher levels of violence affect absenteeism among Syrian students?

In Figure 2, we analyze the number of school absences per semester, serving as an in-
dicator of school attachment among Syrian students. While school attachment does not
directly reflect academic achievement, it captures the students’ willingness to attend school

and engage in educational activities, including exams.

Across both treatment variables, we consistently find null results for the outcomes, except
at the intensive margin, where in one specification we find a negative effect suggesting fewer
missed school days. These findings indicate that school attachment does not meaningful

change in response to heightened violence in students’ hometowns.

Differential treatment effects by sub-samples

12The percent change in the outcome due to a shift from the 50th to 75th percentile of violent events, that is an
increase from 33 to 96 violent events per semester, is equal to (96/35)0'0261 = 1.027, therefore a 2.7 percent increase.
The mean Turkish language score among Syrian and Turkish students is 58 and 70 points, respectively. A 2.7 percent
increase at the mean among Syrian students is approximately 2 points or 17 percent of the gap between Syrian and
Turkish students 2/(70 — 58) = 0.17.

11



Table 2 examines whether the treatment effects differ between two groups of Syrian stu-
dents: those who remain in school throughout our observation period and those who even-
tually drop out. This analysis is crucial since focusing only on average effects might mask
important differences, particularly if violence disproportionately affects students at risk of
dropping out. Our results show that the positive effects we document are driven by students
who continue their education. Importantly, we find no evidence that hometown violence
either reduces academic performance or increases dropout rates among Syrian students. To
further investigate this pattern, we examine chronic absenteeism—defined as missing at least
10 percent of the academic year—which is an established early warning sign of academic
risk and subsequent dropout (Bruner et al., 2011; Tumen et al., 2023). Figure 2 confirms
that exposure to violence in students’ hometowns does not increase their likelihood of being

chronically absent, whether measured at the extensive or intensive margin.

Does naturalization status matter for the response to hometown violence?

The top panel of Table 3 focuses on the outcomes for Syrian students who have received
Turkish citizenship through naturalization. Some Syrian families obtain Turkish citizenship
through avenues such as marriage or continued employment. As we observe information
regarding their district of origin in Syria, we apply the same regression analyses to naturalized

students.

Our findings show that the impact of violence on naturalized students is much smaller
compared to their non-naturalized counterparts. This difference may be attributed to the
fact that naturalized status already offers a permanent option to stay in Tirkiye. Consistent
with our main results, these students appear to be less likely to change their integration effort

in the face of ongoing violence in their hometowns.

We find that for Turkish language scores, the overall effect for naturalized students is
approximately half of that observed for Syrian students who have not yet naturalized. To
illustrate, if we take the same example as our baseline and consider a shift from the 50th to the
75th percentile of violent events, this results in a 1.7 percent change in Turkish language scores
for naturalized students and a 3.0 percent change for those not yet naturalized. Importantly,

there is no statistically significant difference in Math scores between these two groups.

Heterogeneity by gender, time of arrival, perpetrators of violence, and past
exposure to violence

The lower panel of Table 4 shows the effects of violence by gender. When we consider a
shift from the 50th to 75th percentile of violent events, we observe a 2.5 percent change in
Turkish language scores for male students, whereas for female students, this change is slightly
higher at 3.1 percent. However, it’s worth noting that the difference in the extensive margin
is not statistically significant. What is particularly noteworthy is that the effect on Math
scores appears to be primarily driven by female students.

Table 5 examines the impact of violence on students based on their arrival time in Tiirkiye.

12



For Turkish language scores, we observe a higher treatment effect among students who arrived
in 2017 compared to those who arrived before. In Math scores, no significant difference is
found. This implies that students with less uncertainty about returning to Syria due to the

severe conflict demonstrated enhanced motivation for integration.

Panel A and Panel B of Figure 3 investigate whether reactions to violence vary depending
on the actors involved. We classify violent events and resulting fatalities according to whether
they are caused by state, non-state, or civilian actors. Subsequently, we reapply our baseline
model from Equation 1 with a treatment specific to each actor. We find no statistically
significant difference between the treatments specific to each actor, nor compared to the
baseline.

Lastly, we investigate how the intensity of violence experienced in Syria shapes the re-
sponses to contemporaneous violence. Table 6 shows that refugee students exposed to violence
levels below the median in Syria exhibit a reduced response to current violence compared
to their counterparts who encountered higher levels of violence in their origin districts. The
findings suggest that children relocating from areas in Syria with notably high violence levels
might have dedicated greater effort to their studies.

Similarly, we find evidence of the effects of violence on education outcomes being com-
pounding. Table 7 shows estimations from Equation 1 where contemporaneous violence is
replaced with (i) cumulative exposure to hometown violence since migrating and (ii) cumu-
lative exposure to hometown violence since the start of the conflict. As compared to the
contemporaneous effect of hometown violence, cumulative effects are larger in magnitude for
Turkish language and Math scores. This suggests that, with every new instance of violence,

students exert greater effort to integrate into their new home.

Are there spillover effects to Turkish students?

To explore possible spillover effects on Turkish students, we collapse our semester-level
data to the level of the school-academic year-grade-semester-classroom. At this level, we
calculate two key measures: (1) the average Turkish language and Math scores for Turkish
students, and (2) the share of Syrian students.

For the above-mentioned level, we calculate a weighted intensity of violence. That is,
for each cell, we calculate the sum of the share of Syrian students born in each district
(Shareysgejap) multiplied by the contemporaneous violence in the respective Syrian origin-
district d (Violenceg):

WeightedIndex sgeip = Z Shareysgejap X Violenceg, (2)
d=1

where the index is computed at the academic year y, semester s, grade g, classroom ¢, school

J, Syrian origin-district d and Turkish destination-province p level. To estimate spillover
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effects at the level of the school grade-semester, we estimate:

Scoreysgejp =P1 - Shareysgeip + P2 - WeightedIndeysgesp
+p5 - WetghtedIndexysgejp X Shareysgeip
+Py + s + 09 + )\j + Qyp + Uysgeips (3)

where Scoreysg.;, represents the (log) Turkish language scores and (log) Math scores of
native students in academic year y, semester s, grade g, classroom ¢, attending school j, and

located in province p.

The coefficient ; captures the congestion effect — the baseline impact of having Syrian
classmates regardless of their exposure to violence. The coefficient 5 measures the direct
effect of violence exposure through Syrian classmates on Turkish students’ academic perfor-
mance, while 83 captures spillover effects on Turkish students by interacting the weighted
violence index with the share of Syrian students in the classroom. Together, 5, and (3
allow us to understand how exposure to violence affects Turkish students’ academic perfor-
mance both through the presence of Syrian students who experienced violence and through

its interaction with classroom composition.

Our specification includes a rich set of fixed effects to account for various potential con-
founders: academic year fixed effects (I',) control for common shocks affecting all students in
a given year, a summer-semester indicator (75) accounts for systematic differences between
semesters, grade fixed effects (6,) control for grade-specific factors affecting student perfor-
mance, school fixed effects (\;) absorb time-invariant school characteristics, and academic
year-by-province fixed effects () control for province-specific yearly shocks that might af-
fect student outcomes. The error term is denoted by wysgcjp, and we cluster standard errors
at the school level to account for potential correlation in outcomes within schools.

The spillover estimates are presented in Table 8, broken down across three panels. In
Panel A, we present the results for the entire sample, offering a comprehensive view of the
spillover effects. Panel B narrows the focus to schools with an above-median number of Syrian
refugees during the school year, aiming to highlight instances with a substantial concentration
of Syrian students. In contrast, Panel C concentrates on schools with a below-median number
of Syrian refugees during the school year.

This partitioning serves a dual purpose. First, it allows us to conduct a validation test,
ensuring the presence of spillover effects primarily in schools with a high concentration of
Syrian students, as one would expect. Secondly, it enables a more granular examination of
how these effects may vary across schools with different levels of Syrian student enrollment,
shedding light on the nuanced dynamics of refugee integration within the educational system.

The presence of Syrian students in the classroom, captured by the coefficient i, has
a negative and statistically significant effect on the academic performance of Turkish stu-
dents.This aligns with the well-documented mechanical congestion effect in the literature,
which attributes such outcomes to reductions in teaching standards and diminished educa-
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tional resources per student in classrooms with a higher number of refugee students (Betts
and Fairlie, 2003; Tumen, 2019; Tumen et al., 2023). However, this relationship becomes
more nuanced when considering the exposure to violence among Syrian students in their ori-
gin districts. The positive coefficient on the interaction term suggests that as the proportion
of Syrian students in the classroom who were exposed to violence increases, the academic
performance of Turkish students improves. This positive spillover effect likely stems from our
earlier finding that Syrian students exposed to violence tend to perform better academically.
Their improved performance appears to generate beneficial peer effects for Turkish students,
possibly through enhanced classroom interactions and learning complementarities.

In terms of magnitudes, a one-unit increase in the share of Syrian students (about 12
students), is associated with an 18 percent decrease in the Turkish language score—as shown
in Table 8, Column 1. This decrease represents 13.2 points as a percentage share of the mean.
The impact of the intensity of violence is comparatively smaller than that of the share of
Syrian students (the base effect) in the classroom, but remains meaningful.

All else being equal, a one-unit increase in the weighted index of violent events results in
a 3.7 percent increase in the Turkish language score and a 4.5 percent increase in the Math
score. To provide some context, the mean scores for Turkish language and Math are 73.7 and
68.9, respectively. The analogous effect of the intensity dimension is statistically significant,
though the effect sizes are smaller.

Exploring these findings in more detail, our split-sample regressions reveal that the
spillover effects are stronger in school-years with a substantial concentration of refugee stu-
dents (Panel B). Specifically, a one-unit increase in the weighted index of violent events
results in a 6.1 percent increase in the Turkish language score and a 6.7 percent increase in
the Math score. These effect sizes are approximately 1.5 percentage points higher than those
observed in the full sample.

5.2 Robustness checks

In this section, we conduct a series of robustness checks to validate the reliability and stability

of our main findings.

Clean control analysis

Recent research in the difference-in-differences literature has shown that standard two-
way fixed effects estimations may be prone to biases when confronted with treatment hetero-
geneity and differential treatment timing. These biases arise from units being concurrently
considered as controls, even though they had undergone treatment in previous time periods.
The literature suggests several difference-in-differences estimators that are resilient; however,
their applicability is limited to specific settings. For example, Sun and Abraham (2021)
and Callaway and Sant’Anna (2021) only apply to treatments that follow a staggered design
(that is, once a unit is treated, the treatment cannot switch off) while de Chaisemartin et al.
(2022) allow the treatment to be continuously distributed at every point in time under certain
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conditions.

We adopt the approach suggested by de Chaisemartin et al. (2022), employing “movers”
as treated observations and “quasi-stayers” as control observations. To distinguish between
these groups, we generate dummy treatment variables. In our context, movers are observa-
tions with a significant treatment intensity, defined as a treatment intensity ranking in the
25th percentile or higher within the distribution of the treatment.

A quasi-stayer is defined as an observation with a small and irrelevant treatment intensity,
falling below the 25th percentile in the distribution of treatment intensity. As illustrated in
Figure Al, there is significant variation in treatment over time, necessitating additional
simplifications for a refined set of controls. Specifically, we (i) exclude units whose treatment
switches on in time period ¢ and then off in t+n, where n ranges from 1 to 16, and (i7) exclude
units that consistently receive treatment. Consequently, our sample of interest comprises
units that are never treated and units initially untreated in the first period, subsequently

receiving treatment in a later period and remaining treated.

Table A2 shows that our findings remain robust in the clean controls analysis, suggesting
that the effects we identify are not simply an artifact of the heterogeneous treatment effects

in our empirical setting.

Ruling out influential observations

We rule out the importance of influential observations by plotting the coefficients of
our preferred specifications as each province is omitted at a time. Figure A9 shows that
our coefficient estimates are quite stable as a specific province is eliminated from our main

sample in each iteration.

We repeat a similar analysis with Figure A10 in which we drop one semester-year at a

time and again find that our estimates are not driven by any single semester-year.

Placebo tests: Leads of exposure to violence

Figure A11 demonstrates that there are null effects of leads of violence on Turkish language
and Math scores. Specifically, within the subset of students observed for at least three
academic years, we demonstrate that the impact of contemporaneous violence continues to
be positive and significant both at the extensive and intensive margins. Reassuringly, the
effect of violence predicted one year in advance is nearly zero and not statistically significant
at the 90% confidence level.

Alternative clustering of standard errors

Table A3 demonstrates the robustness of the main findings using three different ap-
proaches to clustering standard errors: district-level bootstrapping, district and academic
year level clustering, and a district and academic year level bootstrapping. Across all speci-

fications, the effects remain statistically significant.
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Alternative parametrization of outcomes and treatment

We test the robustness of our results using alternative measures. Table A4 presents three
transformations of academic performance: inverse hyperbolic sine (IHS), grade-standardized
scores, and raw scores (0-100). Table A5 uses a binary indicator for passing (score > 45).
Table A6 replaces log-transformed violence measures with IHS transformations. Our findings
remain robust across all specifications.

6 Conclusion

We investigate the relationship between ongoing violence in the hometowns of Syrian refugee
students and its impact on their educational performance in Tiirkiye. Using an administra-
tive panel dataset, we document several key findings. First, we find that heightened levels
of violence in a refugee’s hometown lead to improved academic outcomes in Tiirkiye. This
improvement is observed in their scores for both Turkish language and Math classes, with
Turkish language scores being larger in magnitude. Importantly, we do not observe a cor-
responding improvement among naturalized Syrian students. These findings suggest that
increased violence levels may lead to greater efforts toward integration into the host country,
driven by a recognition of the limited prospects for returning home. Furthermore, we identify
a small yet statistically significant positive effect of the violence on the academic performance
of Turkish students. This spillover indicates that the enhanced integration efforts of their
Syrian peers have a beneficial impact on native students.

Our findings have important implications. Given the evident improvement in Turkish
language scores among refugee students and related positive spillover effects to natives, there
is a case for prioritizing language support measures. This may involve allocating additional
resources to develop targeted courses and specialized tutoring programs. Such initiatives can
effectively expedite the language acquisition and educational progress of refugees while also
fostering interaction and mutual understanding with their Turkish peers. Tailored academic
and social support should be a focus, such as academic assistance and counseling, alongside
programs designed to facilitate their integration into the host country.

To sum up, our research highlights the influence of events in the refugees’ home countries
on the integration of refugee children into the education system and, consequently, into
the host society. As a result, it becomes crucial for authorities to formulate educational
policies that prioritize inclusiveness, nurturing academic achievement, and fostering mutual

understanding among students from different backgrounds.
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Table 1: Turkish language and Math scores

Log Turkish score Log Math score
(1) (2) (3) (4) (5) (6) (7) (8)
Log. # of violent events 0.0155%**%  0.0261*** 0.0037**  0.0075**
(0.0022) (0.0046) (0.0014)  (0.0029)
Log. # of fatalities 0.0108***  (0.0137*** 0.0034***  0.0041**
(0.0020) (0.0038) (0.0009)  (0.0018)
R-squared 0.744 0.839 0.744 0.838 0.754 0.839 0.754 0.839
# of observations 53,973 53,973 53,973 53,973 53,973 53,973 53,973 53,973
# of clusters 44 44 44 44 44 44 44 44
Mean baseline (2011-2014) 60.49 60.49 60.49 60.49 58.33 58.33 58.33 58.33
Mean sample 58.31 58.31 58.31 58.31 S7.77 57.77 57.77 57.77
Individual FE Yes Yes Yes Yes Yes Yes Yes Yes
Years since arrival FE Yes Yes Yes Yes Yes Yes Yes Yes
Grade FE Yes No Yes No Yes No Yes No
Teacher FE No Yes No Yes No Yes No Yes

Notes: This table reports estimates from individual fixed effect regressions. The dependent variable is Log Turkish score in Columns (1)-(4) and
Log Math score in Columns (5)-(8). Mean baseline and Mean sample refer to the mean of the dependent variable calculated over the academic years
from 2011-2012 to 2013-2014 and for the regression sample, respectively. The sample is the semester level data. Standard errors are clustered at
the district level. *** ** and * denote significance levels at the 1%, 5%, and 10%, respectively.



Table 2: Differential treatment effects by continuing vs ‘drop out’

Log Turkish score Log Math score

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

Log # of violent events -0.0082 -0.0128
(0.0088) (0.0106)
Continuing x Log # of violent events 0.0377*** 0.0224*
(0.0117) (0.0116)
Log # of fatalities -0.0073 -0.0077
(0.0087) (0.0064)
Continuing x Log # of fatalities 0.0228* 0.0128+
(0.0128) (0.0083)
R-squared 0.839 0.839 0.840 0.839
# of observations 53,973 53,973 53,973 53,973
# of clusters 44 44 44 44
Individual FE Yes Yes Yes Yes
Years since arrival FE Yes Yes Yes Yes
Teacher FE Yes Yes Yes Yes

Notes: This table reports estimates from individual fixed effect regressions. The dependent
variable is Log Turkish score in Columns (1)-(2) and Log Math score in Columns (3)-(4).
Continuing refers a dummy variable equal to 1 if a student is continuing their education
(outcome of final compulsory education unknown) and zero if the student dropped out of
schooling before the end of their compulsory education. Mean baseline and Mean sample
refer to the mean of the dependent variable calculated over the academic years from 2011-
2012 to 2013-2014 and for the regression sample, respectively. The sample is the semester-level
data. In each regression individual, years since arrive and teacher fixed effects are included.
Standard errors are clustered at the district level. *** ** * and + denote significance levels
at the 1%, 5%, 10%, and 15% respectively.
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Table 3: Heterogeneous effects — naturalized students

Log Turkish score Log Math score
(1) (2) (3) (4)
Log. # of violent events 0.0273%%* 0.0075%*
(0.0045) (0.0033)
Naturalised x Log. # of violent events -0.0119** 0.0001
(0.0055) (0.0061)
Log. # of fatalities 0.0144 %% 0.0044**
(0.0038) (0.0020)
Naturalised x Log. # of fatalities -0.0072** -0.0031
(0.0034) (0.0032)
Total effect 0.0154 0.0072 0.0075 0.0013
p-value 0.0073 0.0102 0.0922 0.5413
R-squared 0.839 0.839 0.839 0.839
# of observations 53,973 53,973 53,973 53,973
# of clusters 44 44 44 44
Mean baseline (2011-2014) 60.49 60.49 60.49 60.49
Mean sample 58.31 58.31 57.77 57.77
Individual FE Yes Yes Yes Yes
Years since arrival FE Yes Yes Yes Yes
Teacher FE Yes Yes Yes Yes

Notes: This table reports estimates from individual fixed effect regressions. The dependent variable is
Log Turkish score in Columns (1)-(2) and Log Math score in Columns (3)-(4). Mean baseline and Mean
sample refer to the mean of the dependent variable calculated over the academic years from 2011-2012 to
2013-2014 and for the regression sample, respectively. The sample is the semester-level data. Standard
errors are clustered at the district level. *** ** and * denote significance levels at the 1%, 5%, and 10%,
respectively.
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Table 4: Heterogeneous effects — female students

Log Turkish score Log Math score
(1) (2) (3) (4)
Log. # of violent events 0.0233%** -0.0004
(0.0040) (0.0025)
Female x Log. # of violent events  0.0053** 0.0153%**
(0.0025) (0.0023)

Log. # of fatalities 0.0127*** -0.0003

(0.0030) (0.0009)
Female x Log. # of fatalities 0.0020 0.0085***

(0.0021) (0.0022)
Total effect 0.0286 0.0146 0.0149 0.0082
p-value 0.0000 0.0029 0.0001 0.0049
R-squared 0.839 0.838 0.840 0.840
# of observations 53,973 53,973 53,973 53,973
# of clusters 44 44 44 44
Mean baseline (2011-2014) 60.49 60.49 60.49 60.49
Mean sample 58.31 58.31 587.77 57.77
Individual FE Yes Yes Yes Yes
Years since arrival FE Yes Yes Yes Yes
Teacher FE Yes Yes Yes Yes

Notes: This table reports estimates from individual fixed effect regressions. The dependent variable is
Log Turkish score in Columns (1), (2), (5) and (6), and Log Math score in columns (3), (4), (7) and
(8). Mean baseline and Mean sample refer to the mean of the dependent variable calculated over the
academic years from 2011-2012 to 2013-2014 and for the regression sample, respectively. The sample
is the semester-level data. Standard errors are clustered at the district level. *** ** and * denote
significance levels at the 1%, 5%, and 10%, respectively.
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Table 5: Heterogeneous effects — arrival year

Log Turkish score

Log Math score

(1) (2) (3) (4)
Log. # of violent events 0.0148%*** 0.0065***
(0.0029) (0.0018)
Arrival: September 2017 onwards  0.0202** 0.0018
x Log. # of violent events (0.0098) (0.0067)
Log. # of fatalities 0.0060*** 0.0026**
(0.0017) (0.0010)
Arrival: September 2017 onwards 0.0142* 0.0027
x Log. # of fatalities (0.0080) (0.0035)
R-squared 0.839 0.839 0.839 0.839
# of observations 53,973 53,973 53,973 53,973
# of clusters 44 44 44 44
Mean sample 58.31 58.31 57.77 57.77
Individual FE Yes Yes Yes Yes
Years since arrival FE Yes Yes Yes Yes
Teacher FE Yes Yes Yes Yes

Notes: This table reports estimates from individual fixed effect regressions. Standard errors are
clustered at the district level. *** ** and * denote significance levels at the 1%, 5%, and 10%,

respectively.
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Table 6: Heterogeneous effects — exposure to violence in Syria

Log Turkish score Log Math score
(1) (2) 3) (4)
Log. # of violent events 0.0350*** 0.0119%**
(0.0006) (0.0006)
Below median: past violence in Syria -0.0185%** -0.0091**
x Log. # of violent events (0.0050) (0.0034)
Log. # of fatalities 0.0215*** 0.0078%***
(0.0004) (0.0003)
Below median: past violence in Syria -0.0150%** -0.0071%%*
x Log. # of fatalities (0.0037) (0.0012)
R-squared 0.839 0.839 0.839 0.839
# of observations 53,973 53,973 53,973 53,973
# of clusters 44 44 44 44
Mean sample 58.31 58.31 57.77 57.77
Individual FE Yes Yes Yes Yes
Years since arrival FE Yes Yes Yes Yes
Teacher FE Yes Yes Yes Yes

Notes: This table reports estimates from individual fixed effect regressions. Standard errors are clustered at
the district level. *** ** and * denote significance levels at the 1%, 5%, and 10%, respectively.
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Table 7: Persistent effects of exposure to violence

Log Turkish score Log Math score
(1) (2) (3) (4) (5) (6) (7) (8)
Log. cumulative # of violent events since mig. 0.0406*** 0.0131%#%*
(0.0051) (0.0029)
Log. cumulative # of violent events 0.3133* 0.1749*
(0.1804) (0.1012)
Log. cumulative # of fatalities since mig. 0.0306*** 0.0105%**
(0.0038) (0.0012)
Log. cumulative # of fatalities 0.1441* 0.0732
(0.0772) (0.0462)
R-squared 0.840 0.838 0.839 0.838 0.840 0.839 0.840 0.840
# of observations 53,973 53,973 53,973 53,973 53,973 53,973 53,973 53,973
# of clusters 44 44 44 44 44 44 44 44
Mean sample 57.77 57.77 57.77 57.77
Individual FE Yes Yes Yes Yes Yes Yes Yes Yes
Years since arrival FE Yes Yes Yes Yes Yes Yes Yes Yes
Classroom FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: This table reports estimates from individual fixed effect regressions. The dependent variable is Log Turkish score in Columns (1) - (4) and Log
Math score in Columns (5) - (8). Mean baseline and Mean sample refer to the mean of the dependent variable calculated over the academic years from
2011-2012 to 2013-2014 and for the regression sample, respectively. The sample is the semester level data. Standard errors are clustered at the district
level. *** ** and * denote significance levels at the 1%, 5%, and 10%, respectively.



Table 8: Spillovers to Turkish students

Panel A: All
Log Turkish score Log Math score
(1) (2) () (4)
Share of Syrian students -0.1791%%  -0.1395%*%  -0.2293**  -0.1993**
(0.0801)  (0.0670)  (0.1092)  (0.0913)
Weighted index: violent events -0.0034** -0.0014
(0.0015) (0.0017)
Share of Syrian students x Weighted index: violent events  0.0406** 0.0462*
(0.0195) (0.0268)
Weighted index: fatalities -0.0027*** -0.0009
(0.0010) (0.0012)
Share of Syrian students x Weighted index: fatalities 0.0239* 0.0305*
(0.0127) (0.0173)
R-squared 0.624 0.624 0.614 0.614
# of observations 25,946 25,946 25,946 25,946
# of clusters 1,903 1,903 1,903 1,903
Mean sample 73.20 73.20 68.17 68.17

Panel B: At least median number of Syrian refugees in the school-year

Log Turkish score

Log Math score

() (6) (7) (8)
Share of Syrian students -0.2756FFF  -0.2246%FF  -(0.3417FF*  -(0.2904***
(0.0931)  (0.0790)  (0.1250)  (0.1065)
Weighted index: violent events -0.0049** -0.0010
(0.0021) (0.0026)
Share of Syrian students x Weighted index: violent events  0.0579** 0.0652**
(0.0228) (0.0309)
Weighted index: fatalities -0.0035%* -0.0002
(0.0015) (0.0018)
Share of Syrian students x Weighted index: fatalities 0.0353** 0.0411%**
(0.0151) (0.0203)
R-squared 0.569 0.569 0.558 0.558
# of observations 13,463 13,463 13,463 13,463
# of clusters 550 550 550 550
Mean sample 72.81 72.81 67.54 67.54

Panel C: Below median number of Syrian refugees in the school-year

Log Turkish score

Log Math score

9) (10) (11) (12)
Share of Syrian students 0.2535 0.2677 -0.1221 -0.0405
(0.3688) (0.3636) (0.4681) (0.4653)
Weighted index: violent events -0.0075*** -0.0070***
(0.0020) (0.0025)
Share of Syrian students x Weighted index: violent events 0.0212 0.0938**
(0.0305) (0.0383)
Weighted index: fatalities -0.0048%*** -0.0042%**
(0.0011) (0.0014)
Share of Syrian students x Weighted index: fatalities 0.0136 0.0556***
(0.0157) (0.0211)
R-squared 0.927 0.927 0.921 0.921
# of observations 12,370 12,370 12,370 12,370
# of clusters 1,819 1,819 1,819 1,819
Mean sample 73.65 73.65 68.89 68.89
School FE Yes Yes Yes Yes
Grade FE Yes Yes Yes Yes
Academic year FE Yes Yes Yes Yes
Summer semester FE Yes Yes Yes Yes
Province x academic year FE Yes Yes Yes Yes

Notes: This table reports estimates from classroom level linear regressions. The dependent variable is Log Turkish score in Columns
(1), (2), (5), (6), (9) and (10), and Log Math score in Columns (3), (4), (7), (8), (11) and (12). Panel A is the sample of Turkish students
assigned to classrooms with at least 1 Syrian student, Panel B is the sub-sample of classrooms with at least the median number of
Syrian students and Panel C is the sub-sample of of classrooms with below median number (and at least 1) of Syrian students. Standard
errors are clustered at the school level. *** ** and * denote significance levels at the 1%, 5%, and 10%, respectively.
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Figure 2: School absences
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Notes: This figure reports estimates from six individual fixed effect regressions. The dependent
variable is Log # of school days missed + 1, Log # of school days missed and Chronically absent
depicted by the square, circular and diamond markers. The sample is the academic year level data
and students who have missed more than 115 school days in a year (95th percentile) are excluded
from the sample. Standard errors are clustered at the district level. Whiskers correspondent to
confidence intervals at the 90% level.
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Figure 3: No heterogeneous effects — state, non-state, and civilian actors
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Notes: This figure reports estimates from the baseline individual fixed effects regressions. The treatment variables in
Panel A and Panel B are indicated on the vertical axis. Each point corresponds to a separate regression. Standard
errors are clustered at the district level and whiskers show 95% confidence intervals.
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Table A1l: Robustness — Estimating effects of violence without individ-

ual fixed effects

Log Turkish score

Log Math score

(1) (2)

(3) (4)

Log. # of violent events 0.0087 -0.0018

(0.0070) (0.0049)
Log. # of fatalities 0.0064 -0.0003

(0.0046) (0.0029)

R-squared 0.589 0.589 0.572 0.572
# of observations 53,973 53,973 53,973 53,973
# of clusters 44 44 44 44
Mean baseline (2011-2014) 60.49 60.49 58.33 58.33
Mean sample 58.31 58.31 57.77 57.77
Individual FE No No No No
Years since arrival FE Yes Yes Yes Yes
Classroom FE Yes Yes Yes Yes

Notes: This table reports estimates from linear regressions. The dependent variable is
Log Turkish score in Columns (1)-(4) and Log Math score in Columns (5)-(8). Mean
baseline and Mean sample refer to the mean of the dependent variable calculated
over the academic years from 2011-2012 to 2013-2014 and for the regression sample,
respectively. The sample is the semester level data. Standard errors are clustered at
the district level. *** ** and * denote significance levels at the 1%, 5%, and 10%,

respectively.
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Table A2: Clean controls analysis

Log Turkish score Log Math score

(1) (2) 3) (4) (5) (6) (7) (8)

# of violent events > 25th percentile 0.0314***  (.0583*** 0.0043 0.0325%**
(0.0057) (0.0032) (0.0035) (0.0021)
# of violent events > 50th percentile 0.0355%**  0.0527*** 0.0093***  (0.0253***
(0.0025) (0.0018) (0.0018) (0.0023)
R-squared 0.838 0.826 0.839 0.840 0.839 0.832 0.839 0.840
# of observations 53,973 23,207 53,973 23,243 53,973 23,207 53,973 23,243
# of clusters 44 39 44 39 44 39 44 39
Mean sample 54.63 53.47 54.63 53.94 53.59 52.20 53.59 52.83
Number of students 17,857 7,384 17,857 10,858 17,857 7,384 17,857 10,858
Number of treated students 4,838 4,838 8,299 8,299 4,838 4,838 8,299 8,299
Number of control students 2,546 2,546 2,560 2,559 2,546 2,546 2,560 2,559
Log Turkish score Log Math score

(9) (10) (11) (12) (13) (14) (15) (16)

# of fatalities > 25th percentile 0.0349*%F*  0.0570%** 0.0104%F*  0.0326%**
(0.0040) (0.0017) (0.0024) (0.0039)
# of fatalities > 50th percentile 0.0348***  (0.0533*** 0.0103***  (0.0267***
(0.0030) (0.0020) (0.0010) (0.0046)

R-squared 0.839 0.842 0.839 0.839 0.839 0.845 0.839 0.840
# of observations 53,973 21,136 53,973 22,659 53,973 21,136 53,973 22,659
# of clusters 44 39 44 40 44 39 44 40
Mean sample 54.63 53.99 54.63 53.88 53.59 53.06 53.59 52.83
Number of students 17,857 10,060 17,857 10,685 17,857 10,060 17,857 10,685
Number of treated students 7,892 7,892 8,331 8,331 7,892 7,892 8,331 8,331
Number of control students 2,168 2,168 2,355 2,354 2,168 2,168 2,355 2,354
Individual FE Yes Yes Yes Yes Yes Yes Yes Yes
Years since arrival FE Yes Yes Yes Yes Yes Yes Yes Yes
Teacher FE Yes Yes Yes Yes Yes Yes Yes Yes

Notes: This table reports estimates from individual fixed effect regressions. The dependent variable is Log Turkish score in Columns (1)-(4) and (9)-(12), and Log
Math score in Columns (5)-(8) and (13)-(16). Odd columns are the full semester level sample, while even columns are the sub-sample corresponding to the “clean
control” analysis. Standard errors are clustered at the district level. ¥**  ** and * denote significance levels at the 1%, 5%, and 10%, respectively.



Table A3: Robustness — Alternative clustering of standard errors

Panel A: District level bootstrapping

Log Turkish score Log Math score
(1) 2) (3) (4)
Log. # of violent events 0.0261%** 0.0075%*
(0.0062) (0.0031)
Log. # of fatalities 0.0137*** 0.0041**
(0.0048) (0.0018)
R-squared 0.839 0.838 0.839 0.839
# of observations 53,973 53,973 53,973 53,973
# of clusters 44 44 44 44
Panel B: District and academic year level clustering
Log Turkish score Log Math score
(1) (2) (3) (4)
Log # of violent events 0.0261*** 0.0075*
-0.0079 -0.0041
Log # of fatalities 0.0137* 0.0041*
-0.0072 -0.0023
R-squared 0.839 0.838 0.839 0.839
# of observations 53,973 53,973 53,973 53,973
# of clusters 219 219 219 219
Panel C: District and academic year level bootstrapping
Log Turkish score Log Math score
(1) (2) (3) (4)
Log. # of violent events 0.0261*** 0.0075*
(0.0079) (0.0039)
Log. # of fatalities 0.0137** 0.0041**
(0.0065) (0.0020)
R-squared 0.839 0.838 0.839 0.839
# of observations 53,973 53,973 53,973 53,973
# of clusters 219 219 219 219
Mean baseline (2011-2014) 60.49 60.49 58.33 58.33
Mean sample 58.31 58.31 57.77 57.77
Individual FE Yes Yes Yes Yes
Years since arrival FE Yes Yes Yes Yes
Teacher FE Yes Yes Yes Yes

Notes: This table reports estimates from individual fixed effect regressions. The dependent
variable is Log Turkish score in Columns (1)-(2) and Log Math score in Columns (3)-(4).
Mean baseline and Mean sample refer to the mean of the dependent variable calculated over
the academic years from 2011-2012 to 2013-2014 and for the regression sample, respectively.
The sample is the semester level data. Standard errors bootstrapped with 100 replications
and clustered at the district level in Panel A, clustered at the district-academic year level in
Panel B and are bootstrapped with 100 replications and clustered at the district-academic
year level in Panel C. *** ** and * denote significance levels at the 1%, 5%, and 10%,
respectively.
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Table A4: Robustness — Alternative parametrization of outcomes

Panel A: IHS outcomes

Turkish score Math score
Log. # of violent events  0.0260*** 0.0075%*
(0.0046) (0.0029)
Log. # of fatalities 0.0137#%* 0.0041**
(0.0038) (0.0018)
R-squared 0.840 0.839 0.841 0.841
# of observations 53,973 53,973 53,973 53,973
# of clusters 44 44 44 44
Panel B: Standardized outcomes
Turkish score Math score
(1) (2) (3) (4)
Log. # of violent events  0.0665*** 0.0165***
(0.0123) (0.0051)
Log. # of fatalities 0.0344*%* 0.0076*
(0.0104) (0.0041)
R-squared 0.888 0.888 0.891 0.891
# of observations 53,973 53,973 53,973 53,973
# of clusters 44 44 44 44
Panel C: Point scale outcomes (0-100)
Turkish score Math score
(1) (2) (3) (4)
Log. # of violent events  1.3343*** 0.3458***
(0.2446) (0.1069)
Log. # of fatalities 0.6900%** 0.1593*
(0.2076) (0.0854)
R-squared 0.890 0.889 0.894 0.894
# of observations 53,973 53,973 53,973 53,973
# of clusters 44 44 44 44
Mean baseline (2011-2014)  60.49 60.49 58.33 58.33
Mean sample 58.31 58.31 57.77 57.77
Individual FE Yes Yes Yes Yes
Years since arrival FE Yes Yes Yes Yes
Teacher FE Yes Yes Yes Yes

Notes: This table reports estimates from individual fixed effect regressions. The
dependent variables are Turkish score and Math score. These outcomes are inverse
hyperbolic sine transformation, standardized by grade, and in points from 1 to 100
in Panel A, B, and C, respectively. Mean baseline and Mean sample refer to the
mean of the dependent variable in points calculated over the academic years from
2011-2012 to 2013-2014 and for the regression sample, respectively. The sample is
the semester level data. Standard errors are clustered at the district level. *** **,
and * denote significance levels at the 1%, 5%, and 10%, respectively.
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Table A5: Robustness — Alternative parametrization of outcomes

Turkish pass grade Math pass grade
(1) (2) (3) (4)
Log. # of violent events 0.05017*** 0.0410%**
(0.0075) (0.0094)
Log. # of fatalities 0.0275%** 0.0238%**
(0.0066) (0.0068)
R-squared 0.726 0.725 0.732 0.731
# of observations 53,973 53,973 53,973 53,973
# of clusters 44 44 44 44
Mean baseline (2011-2014) 60.49 60.49 58.33 58.33
Mean sample 58.31 58.31 57.77 57.77
Individual FE Yes Yes Yes Yes
Years since arrival FE Yes Yes Yes Yes
Classroom FE Yes Yes Yes Yes

Notes: This table reports estimates from linear regressions. The dependent variable is Turkish
pass grade in Columns (1)-(2) and Math pass grade in Columns (3)-(4). Turkish (Math) pass
grade is a dummy variable equal to 1 if the students scores 45 points or above in their Turkish
language (Math) course and therefore ‘passes’ the course and zero otherwise. Mean baseline
and Mean sample refer to the mean of the dependent variable calculated over the academic
years from 2011-2012 to 2013-2014 and for the regression sample, respectively. The sample
is the semester level data. Standard errors are clustered at the district level. *** ** and *
denote significance levels at the 1%, 5%, and 10%, respectively.
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Table A6: Robustness — Alternative parametrization of violence

Log Turkish score Log Math score
(1) (2) (3) (4)
THS # of violent events 0.0245%** 0.0070**
-0.0049 -0.0029
IHS # of fatalities 0.0130*** 0.0038**
-0.0038 -0.0019
R-squared 0.839 0.838 0.839 0.839
# of observations 53,973 53,973 53,973 53,973
# of clusters 44 44 44 44
Individual FE Yes Yes Yes Yes
Years since arrival FE Yes Yes Yes Yes
Teacher FE Yes Yes Yes Yes

Notes: This table reports estimates from individual fixed effect regressions. The depen-
dent variable is Log Turkish score in Columns (1)-(4) and Log Math score in Columns
(5)-(8). Mean baseline and Mean sample refer to the mean of the dependent variable
calculated over the academic years from 2011-2012 to 2013-2014 and for the regression
sample, respectively. The sample is the semester level data. Standard errors are clus-
tered at the district level. *** ** and * denote significance levels at the 1%, 5%, and
10%, respectively.
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Figure A1l: Violence over time

Panel A: Number of violent events over time Panel B: Number of conflict-related fatalities over time
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Notes: Panel A shows the number of violent events that occurred over time at the district level for our sample period. Panel B shows the number of conflict-related fatalities
over time at the district level for our sample period. On the z-axis, the academic year is followed by the semester; “2011-12, 1” and “2011-12, 2” indicate the fall and spring
semesters, respectively. For visual clarity, we focus on the most populated origin distracts based on population figures from the 2004 official census.



Figure A2: Syrian refugees in Tiirkiye
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shows the regional distribution as of 2019.
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Figure A3: Cumulative violence

Panel A: Cumulative number of violent events Panel B: Cumulative number of fatalities

Number of fatalities

Number of violent events

[Jo-66 [Jo-431
[67-344 [1432-1,358
[ 345 - 620 [ 1,359 - 2,518
B 621 - 941 [ 2,519 - 4,024
B 942 - 1,732 I 4,025 - 7,695
B 1,733-7,327 I 7,696 - 34,386

Notes: This figure shows cumulative violence during the academic years from 2011-2012 to 2018-2019. Panel A and Panel B correspond to the number of violent events and
fatalities, respectively.



Figure A4: District-level violent events per academic year
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Notes: These maps show the number of violent events at the district level for the academic years from 2011-2012 to
2018-2019.
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Figure A5: District-level fatalities per academic year
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Notes: These maps show the number of conflict-related fatalities at the district level for the academic years from
2011-2012 to 2018-2019.
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Figure A6: District of birth
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Notes: Figure shows the distribution of Syrian students according to their district of birth. District boundaries are
indicated using thin black lines.
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Figure AT: Turkish language and Math scores among Syrian students
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Notes: This figure shows the distribution of Math and Turkish language scores in Panel A and Panel B, respectively.
Sample means are indicated by the blue solid lines and red dashed lines for Syrian and Turkish students, respectively.
The sample is the semester-level data and corresponds to academic years between 2011-2012 and 2018-2019.
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Figure A8: The number of school days missed among Syrian students

Panel A: Full sample Panel B: Excl. 95th percentile and above
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Notes: This figure shows the distribution of the number of school days missed per school year. Panel A is the full
sample, while Panel B shows observations below the 95th percentile. ample means are indicated by the blue solid lines
and red dashed lines for Syrian and Turkish students, respectively. The sample is the year-level data and corresponds
to academic years between 2011-2012 and 2018-2019.
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Figure A9: Leaving out one (Turkish) province at a time
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Notes: This figure reports estimates from the baseline individual fixed effects regressions. Each point corresponds
to a sub-sample of the data where one of the four provinces, namely, Ankara (N = 47,927), Bursa (N = 38,618),
Gaziantep (N = 28,049), and Sanhurfa (N = 47,697) have been dropped from the data. Standard errors are clustered
at the district level, and whiskers show 95% confidence intervals.
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Figure A10: Leaving one semester out at a time
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Notes: This figure reports estimates from the baseline individual fixed effects regressions. The treatment variables in Panel A and Panel B are Log # wviolent events and Log #
number of fatalities, respectively. Each point corresponds to a sub-sample of the data where the semester indicated on the vertical axis has been dropped. Standard errors are
clustered at the district level and whiskers show 95% confidence intervals.



Figure A11: Null effects of treatment leads
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Notes: This figure reports estimates from the baseline individual fixed effects regressions. Each marker corresponds
to a separate regression. The sample is the sub-sample of students observed for at least seven semesters. Leads of
the treatment in s 4 1 is the treatment in the spring or fall semester, one academic-year ahead. Standard errors are
clustered at the district level, and whiskers show 90% confidence intervals.
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