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Abstract

Mass migration destabilizes neighboring states, opening the way for fragile state

exploitation by enemies, including those that could undermine U.S. national interests.

This study investigates an area of the Levant region, specifically countries neighbor-

ing Syria, and analyzes their perspective on Syrian refugees for the time frame of 1

June 2019 - 30 June 2020. This analysis may assist in forming policy and creating

strategies to address refugee related issues, both domestic and international. There

are three main questions addressed. The first inspects dominant refugee framing, the

second explores sentiment (dis)similarity within each country and across countries,

and the third investigates drastic sentiment changes and their potential driving fac-

tors. Results show that Syrian refugees are dominantly viewed in a political framing.

Sentiment similarities are shared across two distinguished groupings, Turkey and Is-

rael in one group and Jordan and Lebanon in the other. External factors that vary

in origination are likely to influence high sentiment changes. Future research includes

application on South American countries, or a change in topic to analyze perspective

towards America post Afghanistan withdrawal.
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ANALYSIS OF THE PERSPECTIVE ON SYRIAN REFUGEES BY

NEIGHBORING COUNTRIES

I. Introduction

Over a decade has passed since the beginning of the Syrian war and Syrian refugees

remain the largest group displaced globally. According to a 2022-2023 Resilience and

Response Plan by the United Nations High Commissioner for Refugees [1], around 6.7

million are internally displaced within Syria, with an additional 5.6 million displaced

in countries neighboring Syria, as displayed in Figure 1.

Figure 1. Syrian Refugees in Levant Countries. Source: Adapted from [2]
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Syria and its neighboring countries, referred to as the Levant region in this study,

have experienced a number of turbulent changes in recent years. Whether it is the

severe financial crisis in Lebanon, the turmoil in Jordan’s royal family, or the ignited

conflict in Israel-Palestine, fissures in stability are becoming strikingly more emergent

each day. Being a focal point of the three continents of Asia, Africa, and Europe, this

brings concern about the future of the region and the repercussions this future will

propagate beyond the Levant.

As stated in a 2020 executive statement by the Bureau of Conflict and Stabiliza-

tion Operations (CSO) of the U.S. Department of State, mass migration destabilizes

neighboring states [3, p.3], opening the way for fragile state exploitation by enemies

in that vicinity that directly undermine U.S. national interests. This fragility moti-

vates regional states and their allies to seize on geopolitical interests and establish a

projection of power in the global stage [4, p.182], [5, p.403], [6, p.5].

The dynamics at play are not the focus of this study, but it does provide moti-

vation to consider an important aspect in soft power gain, which is winning people

over. Justifications and support for future actions become easier when a perspec-

tive is shared, and this perspective becomes more influential and effective when it is

highlighted in mass media, notably news sources. Studying the perspective of Syria’s

neighboring countries towards a common subject, the Syrian refugees, is one facet

that could provide insight on perspective sharing, and future intention and action

indicators of governments in the Levant. Additionally, analyzing the perspectives

or reactions of countries towards refugees can assist in forming policy and strategies

to address refugee related issues, both domestic and international. The inspiration

for this thesis topic comes from a study on the representation of migration in Lat-

vian mass media, where the authors followed a linguistics-based approach to analyze

conceptual frames, discourse strategies, and visual representation of migrants [7].
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1.1 Problem Statement

This research aims to investigate how news media articles of countries neighboring

Syria view Syrian refugees. Specifically,

1. Is there a dominant refugee frame utilized by these countries?

2. Is the sentiment similar or dissimilar within each country, and/or across the

countries?

3. If there is a drastic change or intensity in sentiment, when did it happen and

are there any factors that could have driven this change?

1.2 Scope, Assumptions, and Limitations

This study was scoped to include readily available digitized news articles in English

for the period of 1 June 2019 to 30 June 2020. In addition, articles were collected

from at least two different news sources per country based in the Levant region, and

specifically those with high sales or popularity. This study was also scoped to focus

on text news articles. Analyzing other media formats such as videos, photographs,

audios, and so forth could potentially provide more insight in any follow on study.

The data for this study utilized the keyword refugee specifically. While the terms

migrant and refugee are used intermittently, a commonly accepted difference between

the two terms is choice. Migrants are typically defined as individuals who chose to

move, while refugees are usually forced to move due to external factors such as conflict

or persecution [8]. The subject of this document is refugee migration.

One limitation is that the target language is in English. A replication of the study

with different country-specific languages may provide different insights, and makes a

possible future project for comparison. The approach to address the research ques-

tions is empirical, utilizing an analysis of news articles (see Section III, Methodology

3



for details). The results of this study can provide information on country dynam-

ics in the Levant, which touches many other aspects, such as foreign and domestic

policy, narrative information operations, and a possibly prevalent trend of refugee

weaponization.

1.3 Document Outline

The thesis contains five chapters. The first is an introduction to provide back-

ground and motivation for studying neighboring countries perspective on Syrian

refugees. The problem statement with a breakdown of the research questions, study

scope, assumptions, and limitations are included in the first chapter as well. In the

second chapter, a literature review of relevant topics is discussed. The third chapter

details the methodology utilized to answer the research questions, specifically framing

and sentiment analysis. The fourth chapter describes the observations and analyses

obtained. The final chapter summarizes the conclusions and identifies possible future

work.

4



II. Background and Related Work

2.1 Overview

This section begins with an introduction of Syrian migration and media studies.

A brief background on text analysis is then provided since the media in this study is

text articles. It ends with a discussion of framing and sentiment techniques, which

are migration representation specific techniques.

2.2 Introduction

Migration related studies have typically branched from two main domains: in-

ternal migration research and international migration research, with some studies

covering both [9, p.290]. According to an empirical study by Asya et al. [10, p.477],

the volume of migration related studies have expanded significantly since the mid

1990’s, but remained somewhat consistent regarding the range of topics within the

field.

In the past decade, one prominent topic of interest has been media representation

of refugees. The 2015-2016 period reportedly had the highest number of refugee

arrivals in Europe, most of which were Syrian refugees [11]. This caused an increase

in popularity of Syrian refugee representation studies, largely in Europe. While some

included Levant countries, most of the Syrian refugee representation studies were

based on Turkish media near the 2015-2016 time frame, such as [12], [13], and [14].

Even the few studies that included Syria’s other neighboring countries utilized data

from that time frame as well. For example, a recent (2021) study on media coverage

of female refugees in Jordan and Lebanon was based on 2012-2016 data [15]. In late

2019, the European Commission declared that the migratory situation had “returned

to pre-crisis levels” [16, p.2], and it seems that since then there has been less insight

5



into the news media perspective on Syrian refugees past that year, and more so

encapsulating the Levant region as a whole.

As social media became more prevalent in recent years, many researchers shifted

to leverage platforms such as Twitter, Facebook, and others as data sources for mi-

gration representation studies instead of news media. However, using social media

as a source relies on two important assumptions [17]. First, is that the account user

has the correct country or location specified, if the location is enabled at all. For

international migration representation, this is not a likely issue. However, for country

specific representation, it is an assumption, and in some cases could require legal and

monetary commitments. Second, is that social media users share the representation,

and provide their views honestly. Some people tend to avoid certain topics, especially

on social media where work colleagues and friends or family can access. Therefore,

it is sometimes questionable if social media data can accurately represent the target

country population.

Despite these assumptions, numerous studies have been conducted using social

media to gauge refugee representation, and in different niches. For example, some

look at representation from a gender perspective [18], or target texts in a specific

language [19], while others focus on some type of European Union perspective of

Syrian refugees, which was especially common after the 2015-2016 period [20], [21].

2.3 Context Presentation and News Media

When analyzing news media for migration representation, researchers often ad-

dress the idea of framing the migration. Many utilize Entman’s description of framing

as a process of selection and salience in communication [22, p.52]. The general idea

is that when submitting a piece of communication, the presenter specifies the con-

text and highlights a key piece of the information, providing it in a frame. News

6



media, whether intentional or not, will typically deploy some form of framing whilst

communicating information. The research on media’s framing of refugees is extensive

([23], [24], [25], [26], and others), but a common feature is that media has a role in

influencing policy or public opinion.

In the same token though, many governments and influential personnel in the

Levant own media outlets or are affiliated in some fashion. For example, about 78%

of media outlets in Lebanon are politically affiliated [27]. In Jordan, all publications

require licenses from the government to operate, and news reporting and commentary

is influenced by the government according to a report by the U.S. Department of

State [28, p.12]. Many pro-government businessmen in Turkey have become media

owners as well, and Coşkun characterizes this as part of a government strategy to

capture mass media in Turkey [29, p.651]. It would be reasonable then to infer that

the framing likely reflects the affiliated entity’s viewpoint, or propagated viewpoint as

well. Collecting successive framing instances over time with a fixed target subject can

demonstrate a change in viewpoint. Depending upon how detailed the frame is, this

can also indicate a change in sentiment, if the framing changes considerably. While

some researchers may analyze such frames and sentiment in a qualitative manner,

this can be accomplished quite efficiently in a quantitative manner via text analysis.

2.4 Relevant Background for Text Analysis

The main challenge with analyzing text data, such as news articles, is the inability

to perform mathematical computations on language directly. Features from text data

must be extracted in some form of numerical representation to perform computations

and analyses. A classical and simple approach to do so is to use a Bag-of-Words

(BoW) method [30, p.414]. In this approach, a text data sample, such as a sentence,

is simplified into a set of words with typically a frequency count of each word. While

7



the order of the words is irrelevant for the set, an index can be used to aggregate and

compare the two samples. In this manner, a text can be simplified into numbers as

frequencies across sentences for comparison.

Another similar, and more general approach to the classical BoW that does take

into account the sequence of the words is the n-gram method [31, p.867]. For example,

in a bi-gram (where n = 2), the elements of the set of words would contain pairs.

For any given word in the text, there would be an element in the set containing

the target word with a word prior, and the target word with a word after, effectively

capturing the adjacent information in a pair. However, when analyzing a large number

of documents, referred to as a corpus, the relative importance of a word cannot be

captured by a simple frequency. For instance, in English text, articles and pronouns

are highly frequent but provide little to no informational value, while proper nouns

are less frequent but have the most meaningful impact [32].

There are a number of ways to determine the relative importance of a word, or

term, compared to others in a corpus. One of the most notable term weighing schemes

is the Term Frequency - Inverse Document Frequency (TF-IDF) weight [33, p.2], as

displayed in Equation 1.

Wx,y = tx,y · ln
n

dx
(1)

where:

Wx,y is the weight for term x in document y

tx,y is the frequency of term x in document y

n is the number of documents in the corpus

dx is the number of documents containing x
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For a given term, the Term Frequency (TF) is the count of instances of that term

divided by the total number of terms in the document [33]. The Inverse Document

Frequency (IDF) is the natural logarithm of the total number of documents divided

by the number of documents with the given term [33]. The product of these two gives

the TF-IDF weight. This is one of the most basic and simple term weighing schemes,

but variations and novel schemes continue being developed.

As Jiang et al. note, typically the schemes can be generalized to the product

of some term frequency factor multiplied by a collection frequency factor, and a

summary table of the most conventional examples can be found in [33, p.3]. The

same authors also proposed a novel (2021) term weighing scheme based on Improved

TF-IDF utilizing an Average Document Frequency (ADF), which they define as “the

variance between the [Document Frequency] DF value of a specific term and the

average of all DF values in a corpus” [33, p.5]. The conclusions of their study indicated

that term weighing schemes with ADF perform better than TF-IDF by weighing

words more reasonably [33, p.28].

Approaches such as the TF-IDF and ADF are frequency-based approaches of a

concept known as word embedding. Simplified, word embeddings are representations

of words in vector form, and this involves the transformation of text data to numerical

representation for analysis. Word embedding based on deep learning have been a main

focus of researchers, and a recent survey of these methods with detailed descriptions

can be found in [33].

2.5 Techniques for Framing and Sentiment Analyses

Given that framing and sentiment are integral to our study, a relevant background

of techniques specific to these two topics is discussed. For framing analysis, an impor-

tant aspect to consider is the construction of the defining frames. Some researchers
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prefer to use predetermined frames and then label each sample based upon that prede-

termined set; this process is referred to as topic classification. Others group common

sample topics to create the frames after the entire corpus has been processed, which

is referred to as topic modeling [34, p.351]. For predetermined frames, or topic classi-

fication, the approach typically encompasses supervised machine learning techniques,

such as Support Vector Machines or Naive Bayes [35]. Support Vector Machines is a

non-probabilistic model that attempts to classify data points by identifying a hyper-

plane that separates data in feature space. Naive Bayes is a simple probabilistic

classification algorithm derived from Bayes theorem. There are numerous other su-

pervised methods that researches can apply, see [35] for further details on supervised

methods. On the other hand, topic modeling is an unsupervised machine learning

approach that leverages groups of words together to determine the broader context

compared to stand alone word meanings. For example, the context in which the word

book is utilized in the following two sentences differs:

• He read a book at the library.

• Remember to book a room at the hotel.

Typically the word book as a stand alone is referenced in the context of the first

sentence, as a noun or object. However, topic modeling takes into account the group-

ing of words to determine a broader context, such as hotel booking, which is treated

as a verb as displayed in the second sentence. Topic modeling involves statistical

modeling used to discover the underlying topics in a corpus [36, 37]. Three well

known and largely utilized topic modeling methods are Latent Dirichlet Allocation

(LDA), Correlated Topic Models (CTM), and Structured Topic Models (STM) [36].

LDA is a generative probabilistic model. It was built by Blei, Ng, and Jordan as

an extension of the probabilistic Latent Semantic Indexing model created by Hofmann
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in 1999 [38]. LDA has three main assumptions. The first is that it is essentially a

BoW method, where the sequence of the terms in a document are irrelevant. The

second is that the sequence of the documents themselves are irrelevant as well and

can be interchanged. The third is that the topics of the corpus are uncorrelated. The

goal of the LDA model is to form clusters of co-occurring terms, which identifies the

group of topics that each document represents. There are several algorithms that can

be utilized in this method, such as Collapsed Gibbs Sampling, Mean Field Variational

Methods, Expectation Propagation, and others. See [38] for more details on the LDA

method.

One limitation of the LDA method is that it does not address topic correlation.

If a document is comprised of 30% topic A and 70% topic B, LDA does not account

for topics A and B being correlated. Blei and Lafferty improved the LDA method by

taking this factor into account in the CTM method [39]. Later in 2013, Roberts et

al. presented the STM framework, which is built from a combination of methods, to

include CTM [40]. This framework is particularly useful since it leverages meta data

of the corpus, such as document time or source. For further details and a survey of

other topic modeling methods that can be used for framing analysis, see [40] and [36].

Another aspect to consider in framing analysis is whether a sample, such as a

news article, contains multiple frames or is only fit into a single frame [34, p.350]. In

a quantitative frame analysis study by Carver et al., the authors allowed a sample

to contain multiple frames, which were ranked by order of relevance. They then

assigned a weight to each frame based on the number of frames present, and performed

summary statistic analysis [41, p.458]. While the method requires a human coder to

label the frames, the concept is straightforward and provides a simple format to

account for multiple frames.
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In addition to the frame of an article in which refugees are represented, there is

also the sentiment of the language used. This sentiment can be thought of as an

underlying tone in which the information is communicated. While the frame itself is

like a picture the news source is displaying, the sentiment is likened to a filter for that

picture, for example grey-scaled, colored, or faded picture filters. Sentiment analysis is

a typical method that researchers have used to gauge the representation of migrants or

refugees based on a “sentiment score.” A sentiment score is essentially a label for a text

sample, and can be considered a numerical representation of sentiment intensity. This

specifies the tone of the language used for the text, ranging from negative to positive.

The news source’s perspective and demeanor towards Syrian refugees is inferred from

the sentiment label for a given text article, and an aggregation of a country’s local

news sources provides a view of the country’s perspective, or propagated perspective.

Sentiment analysis can be accomplished using a variety of polarity scales, some

as simple as a binary 0 or 1 representing negative and positive, while others have

larger ranges, such as -5 to 5 [42, 43, 44]. This spectrum includes more levels for the

sentiment classification, such as extremely negative, very negative, slightly negative,

neutral, etc. The general process of sentiment analysis begins with pre-processing the

text. Pre-processing the text is vital and can have significant affects on the results, as

it is a method of reducing noise in the text [45]. The pre-processing can be summarized

in three steps. The first involves data formatting, such as converting all text files

to an appropriate, consistent encoding. The second involves data transformation,

such as removal of white space, punctuation, numbers, and stop words, expanding

abbreviations, lower case conversion, stemming, lemmatization, tokenization, and

others [45, 46].

Stop words are words that do not carry important information or content mean-

ing, such as articles, conjunctions, adpositions, and other short function words [46].

12



Stemming and lemmatization are both processes to reduce a word to a base form.

The difference is that stemming is typically a heuristic process, while lemmatization

involves converting to a proper morphological root of a word [47]. While lemmitiza-

tion might be more accurate, stemming is typically used since it is an easier process

to implement, has faster processing speed, and the difference in accuracy is normally

insignificant. Tokenization is breaking down text into minimal components, such as

sentences, phrases, words, or some form of “token.” This key concept also highlights

the complexity of natural language processing, especially in terms of syntax, seman-

tics, and even pragmatics. Sentiment at the sentence level might differ from the word

level due to these complexities. Certain linguistics features, such as valence shifters,

are a prime example [48]. Consider the phrase: He rarely likes running. From a

word tokenization approach, the sample text might be positively polarized due to the

term like. However, from a sentence approach, the valence shifter rarely transfers

the sentiment to a true negative polarity. Such challenges in sentiment analysis are

observed and continuously being improved upon by researchers. See [49] for a more

detailed survey of recent challenges.

The third and final step for text pre-processing involves data filtering, which is

extracting text patterns by applying specific functions [46], such as TF-IDF described

earlier. The text is then processed through a lexicon classifier that returns a response

on the sentiment spectrum (positive, negative, etc.).

2.6 Summary

This section provided a recent outlook on Syrian migration and refugee studies

and the context of data used for these studies. A summary of relevant text analysis

approaches is also provided. Finally, descriptions of framing and sentiment analysis

are discussed as these two techniques are the main methods for use in this study.
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III. Methodology

3.1 Overview

This section provides the detailed methodology used for this study. First, the

data collection method is explained. Second, the data-processing applied to the text

articles is summarized. Third, the reasoning and approaches for framing analysis

are presented. Lastly, the sentiment analysis methods are described, including the

statistical tests utilized. Refer to Appendix A for an overview diagram of the process.

3.2 Data Collection

Data was collected for 1 June 2019 to 30 June 2020, a recent period that contains

two important timeline events. First is the European Commission’s declaration of

the end of the what is known as the “migratory crisis” in October 2019, which falls

in the selected time period [16]. Second is a conflict escalation in Idlib that started in

December 2019 and continued into 2020, causing many Syrians to flee to Turkey [50].

The articles collected included the keywords “Syria” and “refugee,” from fifteen news

sources. At least two different news sources were assigned per country, to include

either the most influential or the highest sales revenue for that news source [51], [52],

[53], [54], [55], [56], [57] and are displayed in Table 1. These newspapers were selected

since they were local or based in the target country, and theoretically are a better

proxy to the country’s perspective than external or non-regional newspapers.

A few remarks regarding the selection of news articles as a medium are presented.

Since this study requires observations that are country-specific, it was a main reason

for avoiding social media and selecting official news source articles. Social media does

not always have a geo-location option feature, and even if it does, many users turn

off location options for safety.
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Table 1. Sources per Country.

Country Sources

Iraq National Iraqi News Agency (NINA), Shafaq News
Israel Haaretz, Jerusalem Post
Jordan Amman Net, Ammon News, Jordan News Agency (Petra),

Jordan Times, Roya News
Lebanon Al Manar, Al Nahar, The Daily Star, National News Agency (NNA)
Turkey Daily Sabah, Hurriyet

In addition, even if users had a location specified, many immigrants of Levant

countries would keep their family’s country as their country of origin despite only

experiencing the country through vacations or short visits; this can provide a skewed

perspective on local issues compared to the citizens. This also brings forth the con-

cern of the accuracy of the information in social media. Many might not wish to

present their honest views on issues online, especially if there are negative conse-

quences attached. Lastly, the people’s perspective in some of these countries might

be outweighed as the government would proceed with their intentions regardless. Con-

sidering all the uncertainties and multitude of factors that come with social media

information, it was deemed more appropriate to utilized official news articles text for

the purpose of this study.

3.3 Data Pre-processing

Every article in the selected time frame from the new sources in Table 1 was col-

lected. There were too few Iraqi articles within the criteria period for a representative

sample, and therefore Iraq was removed from the countries studied. The final number

of article samples after removing the Iraqi observations was 1397 articles. The article

samples are as follows: 312 from Israel, 43 from Jordan, 216 from Lebanon, and 826

from Turkey. Refer to Table 8 in Appendix B for further breakdown details. For BoW

methods and exploratory analysis, the text articles were pre-processed. All text files
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were converted to UTF-8 encoding (Unicode Transformation Format-8 bits). This

encoding is preferred since it is backwards compatible with other text file formats.

The corpus is created of single term tokens, each term composed of two or more

characters. Numbers, symbols, punctuation, and URLs were removed. All characters

were converted to lower case. All stop words were removed, and all the tokens were

stemmed. Additional filler words from split hyphens were removed as well, such as

al, el, il, which translate to article terms in Arabic. The minimum allotted term

frequency was 50, with a minimum document frequency of 10.

3.4 Framing Analysis

The initial attempt was to utilize STM to get a general idea of the possible frames.

Topic modeling via the stm package [58] was performed with the set of topics (K)

ranging from five to ten, based on the size of the corpus. However, the resulting topics

from STM are too refined (see Figure 2 for examples), either indicating specific events

or not quite indicating any framing theme at all. Thus, for the purpose of this study

and for a more rigid structure for analysis, five abstract frames were created and are

displayed in Table 2. The basis for selecting these categories is a survey of migration

representation articles, then generalized into overarching topics.

Table 2. Frame Categories and Description

Category Description

Political Involves government or policy discussion

Economic Relating to country funds or any economic impact

Crime Any criminal aspect either by or against refugees

Documentary Current conditions of refugee or process of fleeing

Other Not related to any of the above
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(a) K=5 (b) K=10

Figure 2. STM with K Topics

To account for multiple frames in a given article, each article can be assigned

up to two frames. If an article has two frames, the more prevalent frame (primary

frame) is weighted at 2/3, and the other (alternate frame) at 1/3. Absence of a

frame is indicated by a zero. This provides a matrix of samples with frame features

in the range of [0, 1]. Percentages of frame compositions are then calculated while

accounting for the mixture of frames per article. Additionally, the crime frame has a

label to indicate the victim or offender in the article context; this distinction is based

on the article’s wording as of the date of the article. All labels were assigned by the

same individual. Frames were then analyzed by country as well as time period.

3.5 Sentiment Analysis

The first approach was to break down an article into tokens of content words,

determine the sentiment of the words individually, and then aggregate the individual

word sentiments to assign a sentiment score to the article as a whole. There are

multiple lexicons (dictionaries) available through the R software [59], and in this

study, three are utilized. The first is identified as the Bing lexicon, and is a database
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of English words categorized as either positive or negative [43]. The second is the

National Research Council Canada’s Sentiment and Emotion Lexicons, referred to as

the NRC lexicon, and it differs from the Bing binary categorization in that it parses

the words further into categories of emotion, such as anger, anticipation, disgust, and

so forth [44]. The third is the Afinn lexicon; it differs from the other two lexicons in

that it utilizes a spectrum for word sentiment scoring, ranging from -5 to 5 [42]. The

creator for this lexicon selected the scale range from very negative as -5 to very positive

as 5, which allows for intensity levels in sentiment analysis, i.e., a word can be more

negative than another in a measurable score. For a simple demonstration, consider for

instance the following two terms: unpleasant and horrendous. The Oxford dictionary

defines horrendous as extremely unpleasant, indicating a greater intensity from one

word to the other. For more information on these lexicons, see [43], [44], and [42].

The general procedure for sentiment analysis is summarized as follows:

1. Load and transform articles text into data frame with meta data.

2. Pre-process and clean text articles (see Data Pre-Processing section).

3. Parse each text article into tokens per observation (e.g. words per article).

4. Load target sentiment lexicon.

5. Match by left-joining lexicon to tokens and address non-matching tokens.

6. If non-numeric lexicon, assign numeric value to categories (negative as -1, pos-

itive as 1, neutral as 0).

7. Aggregate by observation to determine net numeric value of sentiment for each

article, labeled as sentiment score. These scores are unbounded. Standardize

scores.

8. Bind sentiment scores to meta data for analysis.
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The lexicons are not all-inclusive of English content words, but instead focus on

sentiment words. There are also tokens that have no predefined matching sentiment

value, such as proper names or locations. For consistency, attaching sentiment to

names or locations was omitted as this sentiment can be subjective and vary depend-

ing upon the country, news source, or time period. Instead, all the non-matching

tokens were addressed by assigning a neutral value to the token. Since the text ar-

ticles were formal communication, colloquialism or double-meaning slang terms are

not deemed a concern. Once the sentiment scores were aggregated and attached to

the meta data, they can then be analyzed by available prominent features.

A second approach was to determine the sentiment of each sentence, and then

aggregate the sentiment score by sentences per article rather than words per article.

The package sentimentr [60] is deemed best for this approach since it takes into

account valence shifters. Using the Bing dictionary, a comparison of the sentiment

score via word and sentence tokens indicated that ≈ 8% of the data had a one-unit

difference, and ≈ 2% had greater than a one-unit difference. Overall, both approaches

provide relatively similar sentiment scores in this case. The advantage of the word

token approach though is that it is faster in terms of processing time. Hence, the

word token approach was adopted and deemed sufficient for this study application.

Comparison of the lexicons was maintained throughout the analysis in the case

of a major difference between the sentiment scores. For the NRC lexicon, while

there are multiple emotion classifications, the four relevant to the context of the

study were explored: joy, anger, fear, and sadness. This distinction of the type

of sentiment is more informative than positive or negative sentiment classification.

The sentiment score results are added to the meta data for analysis. Finally, non-

parametric statistical tests with an alpha level of 0.05 are applied for insights based

on meta data feature groupings such as country, news source, or time period.
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The reasoning for the use of non-parametric statistical tests is as follows: Nayak

and Hazra [61] mention that the first step to determining which statistical test is best

utilized for numerical data is to identify if the data follows the parameters of a known

distribution curve, typically the normal distribution. Since the sentiment score sets

failed the Shapiro-Wilk test, did not fit known distributions, and are essentially an

ordinal scale, non-parametric statistical tests were deemed appropriate. Specifically,

the Mann-Whitney U test for two group analyses and the Kruskal-Wallis H test for

groups of larger than two.

Nayak and Hazra state that utilizing a two-group test, such as the Mann-Whitney

U test “to a multiple group situation increases the possibility of incorrectly rejecting

the null hypothesis” [61]. Essentially, the Kruskal-Wallis H test is an extension of the

Mann-Whitney U test that accounts for larger groups. These tests only determine if

there is a difference in groups, but cannot determine where the difference lies. The

post hoc Dunn’s test serves this purpose and identifies specifically which two data

sets differ [61]. Refer to Table 3 for the null and alternate hypotheses of these tests.

Nayak and Hazra provide a compact summary of the statistical test selection process,

as displayed in Figure 3.

Table 3. Statistical Tests Null and Alternate Hypotheses

Test Hypotheses

Kruskal-Wallis H0 : The distribution of sentiment scores for all groups are the same.
HA : At least one is different.

Dunn’s Test H0 : There is no difference between the groups.
HA : There is a difference between the groups.
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Figure 3. Nayak and Hazra’s Test Selection Process. Source: Adapted from [61, p.1].

3.6 Summary

This section discussed the detailed steps of the methodology used to collect, pro-

cess, and then analyze the data. Next, the selected framing analysis approach is

provided and described. Finally, the steps for performing sentiment analysis are pre-

sented with an explanation of the selection of the statistical tests for analysis.
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IV. Observations and Analysis

4.1 Overview

This section explores the data and discusses the results of the frame and sentiment

analyses. All results and observations are in the context of the articles with the

keywords “Syria” and “refugee,” from the time period of 1 June 2019 - 30 June 2020.

During the selected period, and for the identified news sources, there were too

few Iraqi article samples for a conclusive analysis. Therefore, Iraq was removed from

the country samples, alongside the associated observations. While Arabic or Kur-

dish written articles might provide additional observations for a more representative

sample, these were beyond the scope of this study. The majority of locally based

Iraqi news sources did not have an English equivalent, and this could be a reason

for the lack of samples. Another reasoning could be that Iraq had many internal

protests and domestic grievances that might have taken priority over Syrian refugee

coverage during this time. Regardless, the analysis was completed excluding Iraqi

observations due to insufficient samples. All analysis was completed with R software

[59] (see Appendix C for packages list), and all statistical tests had an alpha of 0.05

level of significance.

4.2 Exploratory Analysis

Preliminary analysis on the corpus is conducted via frequency diagnostics. The

top ten terms filtered by a minimum term frequency of 50 and a minimum document

frequency of ten are displayed in Figure 4. These top ten term results have highlighted

the prevalence of themes such as religion and terrorist groups in the refugee articles

corpus. These themes and the association of major powers in the region was explored.

Each theme in Table 4 was formulated from a list of associated words. For example,
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the theme United States included terms such as Trump, America, Washington, and

others that indicated an association to the U.S. The presence of a theme relative to

the number of Syrian refugee articles by country was computed to gauge association in

an exploratory manner. The results are summarized in Table 4 and briefly discussed.

From all of the Israeli news samples mentioning Syrian refugees, approximately 62%

also included a term associated with religion, which is relatively high compared to the

remaining countries. Terrorism associated terms were largely present in all the coun-

try samples, the highest being in Israel and Turkey article groups. The association

of such themes in refugee articles is concerning, as it shifts focus from the universal

human aspect association to an individual or group preference bias. Finally, some

insight on the association of major powers revealed the United States as the largest

percentage mentioned across all the sample countries. It is reasonable to assume that

the U.S. has a large association to refugee news in the Levant area, and possibly due

to foreign policy or United Nations initiatives and financial contributions.

Figure 4. Top Ten TF-IDF Words by Country
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Table 4. Topic Frequency Percentages per Country

Associated Topic Israel Jordan Lebanon Turkey

Religion 61.86 9.30 13.89 11.50

Terrorism 74.36 60.47 48.15 73.12

United States 96.15 90.70 81.02 96.49

China 8.65 4.65 1.39 5.21

Russia 49.36 4.70 19.44 51.82

4.3 Frame Analysis Results

To address the first research question, the selected countries from the Levant re-

gion as a whole have a dominantly political frame of Syrian refugees for the sample

period. As displayed in Figure 5, over half of the frames composition is political.

Documentary and economic frames were both approximately 7% of the total frame

compositions, and the other category was approximately 14%. In this other category,

approximately 35% were of a type of humanitarian charity or mission, 25% were

health-related (coronavirus), 21% were religious-related, and the remaining were mis-

cellaneous topics, such as entertainment, local disasters, marriage rates, etc. The

crime frame was the least utilized, forming around 5.5% of the total observations.

These crime frames were further separated into categories to distinguish between

the refugee representation as either a victim or offender. Approximately 70% of the

crime frames were acts of crime against refugees by non-terrorist groups, 21% were

of terrorist crimes against refugees, and the remaining 9% were of crimes committed

by refugees. There were two abnormal instances of a crime frame by an individual

impersonating a refugee.
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Figure 5. Frame Category Composition of All Samples

Further partitioning of the frames by country is shown in Figure 6. While Israel,

Lebanon, and Turkey have a clear distinction as to the political frame being the

largest utilized compared to the remaining frames, it is not the case for Jordan.

Jordan’s economic, political, and “other” frame compositions are roughly equivalent,

each accounting for almost a third of Jordan’s total frame compositions. This is

a potential indication of a more varied framing of Syrian refugees in Jordan, while

the remaining countries lean more heavily towards political frames. It could also be

due to Jordan’s press censorship, specifically an offense under their Anti-Terrorism

Law that can charge individuals or entities with “disturbing relations with a foreign

country” [62], and thus discourage political contexts.

25



Figure 6. Frame Compositions Partitioned by Country

Another aspect to consider is that these frames are from an aggregate period.

Mapping the frame compositions over smaller units of time confirms the dominance

of the political frame throughout the entire selected period with the exception of the

month of April 2020, as displayed in Figure 7. The dominant frame of this month is

“other,” and the most likely event to correspond with this gradual shift from March

to April is the coronavirus outbreak in the region. The World Health Organization

began publishing situational reports for the Eastern Mediterranean during this time,

and encouraged states to provide coronavirus prevention guidance for the Easter and

Ramadan holidays in April [63]. Thus, it is not unexpected for an emphasis of the

outbreak to be included in all news, including Syrian refugee articles to cover the
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status of the outbreak in camps, as well as guidelines and testing plans for all. As for

the peak intensity of political frames building from December 2019 to February 2020,

it is potentially due to a chain reaction of compounding events from the reignited

conflict in Idlib that eventually subsided with a ceasefire agreement between Russia

and Turkey in March 2020 [64].

Figure 7. Frame Compositions Over Time

Overall, it is reasonable to assume that Syrian refugees were largely portrayed in a

political frame for the selected period. In the past few years, one of the most alarming

concerns where politics and refugees collide is the concept of refugee weaponization.

This concept involves the exploitation of human migration, both voluntary and invol-

untary, to achieve some objective, such as political, militarized, economic, or other

[65]. In 2016, during a hearing of the U.S. Senate Armed Services Committee, General

Breedlove stated that Russia and the Assad Regime were “deliberately weaponizing

migration in an attempt to overwhelm European structures and break European re-

solve” [66]. Whether that was the true intent of Russia or not is irrelevant. The
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perception of this concept ultimately led to materialization, and within the past five

years other states have utilized this strategy for political leverage. Prominent exam-

ples include Belarus and Turkey’s refugee weaponization against the European Union

[67, 68].

With the large association of refugees with politics, the issue of refugee weaponiza-

tion is likely to become even more normalized. Moreover, the shared perspective of

these countries in framing Syrian refugees politically can gradually reinforce accep-

tance of the concept and consideration as a viable option for power. Logically, refugee

weaponization is an easy and inexpensive option for less powerful states to gain lever-

age in a cost imposing strategy against a more powerful state. Plans and policy to

properly address and prepare for such an issue, in both foreign and domestic instances,

can help maintain leverage for the U.S. and allies. Observation of the situation in the

Levant region and establishing lesson learned and mitigations for potentially similar

scenarios can prove useful for the U.S. and allies.

4.4 Sentiment Analysis Results

The second research question is addressed via sentiment analysis by country, as

well as news source. The third research question is then addressed by mapping

sentiment over time. Shared sentiment towards Syrian refugees can indicate shared

perspective for a grouping of states. Exploring the sentiment, especially as a reaction

to possible events, can clarify some of the dynamics of the complex relationships

these countries have, as well as their posture and intentions towards future policies or

conflict. This information can prove useful for negotiations or leverage in the global

political stage.
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4.4.1 By Country and News Sources

Analysis from the standardized sentiment scores using Bing’s lexicon suggest that

some countries share similar sentiment towards Syrian refugees in their articles for

the selected time period. Jordan and Lebanon seem to fall in one group, and Turkey

and Israel in another, as displayed in Figure 8.

Figure 8. Standardized Sentiment Scores by Country – Bing Dictionary

For statistical significance, a Kruskal-Wallis test was performed, resulting with a

p-value less than 0.05. The null hypothesis is that the distribution of sentiment scores

for all groups are the same, and the alternate is that at least one group is different.

The result indicates that there is likely statistically significant differences between

sentiment scores of the countries.
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To find the pair differences between countries, a Dunn’s test was performed, ad-

justed with a Bonferroni correction. The null hypothesis for Dunn’s test is that there

is no difference between each pair of countries, while the alternate is that there is

a difference. The results are displayed in Table 5. There is statistically significant

difference between all comparison pairs except the Jordan - Lebanon, and Israel -

Turkey pairs. This suggests that Jordan and Lebanon are similar in their sentiment

perspective towards Syrian refugees, and this perspective differs from the one shared

by Israel and Turkey. This divide could naturally be due to Jordan and Lebanon

being Arab countries, with historical similarities and traditions shared with Syrians

and not with Turks or Israelis. The division could also be an indication of current

affairs, whereas Turkey and Israel have larger global diplomatic indexes, economies,

and military spending budgets compared to economically struggling Lebanon and

Jordan that are possibly breaking under refugee strain [69], [70], [71].

Table 5. Bing Lexicon: Dunn’s Test with Bonferroni Correction via FSA package [72]

Comparison Group Adjusted p-value

Israel - Jordan < 0.05

Israel - Lebanon < 0.05

Jordan - Lebanon > 0.05

Israel - Turkey > 0.05

Jordan - Turkey < 0.05

Lebanon - Turkey < 0.05

The same analysis was then performed using Afinn’s lexicon for comparison. The

standardized scores portrayed a similar grouping as the Bing lexicon, as shown in

Figure 9. The same tests were performed for confirming statistical significance. The

Kruskal-Wallis test resulted with a p-value less than 0.05, where the null hypothesis
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is that the distribution of sentiment scores for all groups are equivalent, and the

alternate is that at least one group is different. Dunn’s test also showed consistent

results as with the sentiment scores from the Bing lexicon (see Table 6).

Figure 9. Standardized Sentiment Scores by Country – Afinn Dictionary

Both lexicons confirm that there is a difference in sentiment intensity between

the Jordan-Lebanon group, and the Israel-Turkey group for the selected time pe-

riod observations. The underlying deduction is that Israel and Turkey tend to have

more negative sentiment intensity in their articles of Syrian refugees than Jordan and

Lebanon. Comparison of the frequency of the raw sentiment scores shows that the

samples from Israel and Turkey had the largest percentage of negative sentiment arti-

cles. Approximately 80% of Turkey’s articles had an overall negative sentiment with

the Bing lexicon, and roughly 76% with the Afinn lexicon. For Israel, negative articles
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were approximately 81% and 80% of the observations via the Bing and Afinn lexicons

respectively. Lebanon hovered in the mid-range with 56% via the Bing lexicon, and

52% via the Afinn lexicon. Jordan had the least percentage of negative sentiment

articles; 39% for the Bing lexicon and 33% for the Afinn lexicon. Table 7 provides

further details.

Table 6. Afinn Lexicon: Dunn’s Test with Bonferroni Correction via FSA package [72]

Comparison Group Adjusted p-value

Israel - Jordan < 0.05

Israel - Lebanon < 0.05

Jordan - Lebanon > 0.05

Israel - Turkey > 0.05

Jordan - Turkey < 0.05

Lebanon - Turkey < 0.05

Another aspect for analysis is the breakdown of each country’s sentiment by news

source. These news sources are popular and influential in projecting the country’s

perspective, albeit propagated or not. They play an important role in shaping the

concept of the Syrian refugee in the target country, and sometimes can be significant

enough to evoke change in the public’s sentiment towards the Syrian refugees. A

Table 7. Words Sentiment Percentage by Country

Bing Lexicon Afinn Lexicon

Positive Negative Neutral Positive Negative Neutral

Israel 16.03 81.41 2.56 18.59 79.49 1.92

Jordan 51.16 39.53 9.31 62.79 32.56 4.65

Lebanon 30.56 56.48 12.96 38.43 52.78 8.79

Turkey 16.95 79.66 3.39 21.19 76.27 2.54
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variation between the news sources’ sentiment is a strong indicator for variation in

inter-state perspectives, which is a sign of differentiation within the nation, and less

of group think or dictated news reporting. The sentiment variation can also hint

to flexibility in postures of a nation in regards to a target topic, and in this case

specifically, Syrian refugees.

The breakdown of the news sources sentiment for Israel is displayed in Figure 10.

The Jerusalem Post scores are slightly left skewed with the Bing lexicon. Since there

are two groups, a Mann-Whitney U test is performed, with a null hypothesis that the

two sources come from the same population (i.e. the two news sources can be treated

as the same news source), and the alternate hypothesis is that they do not. The test

results in a p-value less than 0.05 for both Bing and Afinn lexicons. Therefore there

is likely a significant difference in sentiment towards Syrian refugees between the two

news sources. The main difference between the two sources is possibly that Haaretz

is more left-centered and Jerusalem Post is right-centered.

(a) Bing Lexicon (b) Afinn Lexicon

Figure 10. Israel - Standardized Sentiment Scores by News Source
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For Jordan’s news sources, the sentiment breakdown is displayed in Figure 11.

Jordan News Agency (Petra) has a single observation as shown. Amman Net has the

largest dispersion in both lexicons. A possible reason for the distinction is that it

is the only identified non-profit news source from the group. However, to determine

if there is a statistical significant change in sentiment between the news sources, a

Kruskal-Wallis test was performed. The resulting p-value was greater than 0.05, thus

failing to reject the null hypothesis that the distribution of sentiment scores for all

news sources are the same; i.e., essentially they can be treated as the same news

source due to lack of evidence indicating otherwise. It is not surprising that Jordan’s

news sources are similar in their sentiment, as news censorship is quite well known to

be present in Jordan.

(a) Bing Lexicon (b) Afinn Lexicon

Figure 11. Jordan - Standardized Sentiment Scores by News Source

The Jordanian government is very cautious of the country’s relations with foreign

countries, and this is written in law and terms for media licenses. An example of
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this extreme caution played out in 2019, when an Iraqi TV satellite that is based in

Amman was suspended for covering protests in Iraq [62]. It could very well be that

Jordan has a restricted and possibly censored sentiment towards Syrian refugees as a

precaution for foreign relations with Syria. The relations between the two neighbors

had declined during the Syrian civil war, with the Jordanian monarch being one of the

first Arab leaders to call for Bashar Al-Assad to step down. However, the stance seems

to have changed over the years, especially after the international crossing between

the two countries, the Nasseb-Jabeer border, was reopened in 2018. This was most

likely in an effort to restore trade for a weakening economy in Jordan [73]. While

the border was later closed in August 2020 due to coronavirus, it does reinforce the

intended stance of Jordan towards Syria, and their reluctance in projecting negative

sentiment towards Syrian refugees as a precaution for country relations.

As for Lebanon’s news sources, the sentiment is displayed in Figure 12 for both

Bing and Afinn lexicons. Al-nahar has the largest dispersion between samples among

the sources. The Lebanese National News Agency (NNA) and Al-manar are the least

dispersed. The Kruskal-Wallis test had a p-value less than 0.05, rejecting the null

hypothesis that the distribution of sentiment scores for all news sources are the same,

and indicating a significant difference among them. A Dunn’s test was performed to

determine pair differences. The null hypothesis is that there is no difference the pair,

and the alternate is that there is a likely difference. The results indicated that the

NNA was dissimilar to the other news sources. This difference could be due to the

NNA being the only state-owned news agency from the group.

Overall, the NNA had a less negative tone than the three other news sources,

which are all owned by prevalent political entities in Lebanon. Al-manar is operated

by the terrorist organization Hezbollah. Al-nahar is 98% owned by two of the largest

politically involved families in Lebanon, the Harriri family and the Tueni family. The
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(a) Bing Lexicon (b) Afinn Lexicon

Figure 12. Lebanon - Standardized Sentiment Scores by News Source

Daily Star is 100% owned by the Harriri family as well. As for the NNA, the director

has remained the same, but the minister of information has changed alongside the

new formed governments in 2019 and 2020. In 2019 the minister was Jamal Jarrah, a

member of the Future Movement political organization founded by Saad Harriri from

the Harriri family, and in 2020 the minister was Manal Abdel Samad, a member of

the Lebanese Democratic Party. The more neutral tone of the NNA could be due to

less interference resulting from the rapid turnover in ministers. As for the sentiment

from the other news sources, it most likely has a political touch based on the owners.

Finally, the breakdown of news sources sentiment for Turkey is displayed in Fig-

ure 13 for both Bing and Afinn lexicons. The Daily Sabah has a slightly wider

dispersion than Hurriyet. To test significant difference, a Mann Whitney U test was

performed, resulting with a p-value less than 0.05 for both lexicons. Thus, the null

hypothesis that the two news sources come from the same population is rejected.

From the samples collected, Hurriyet had a more neutral tone overall than Daily
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Sabah. While both news sources are considered pro-government, Hurriyet is typically

seen as left-wing and Daily Sabah right-wing, which could be a possible reason for

the sentiment distinction.

(a) Bing Lexicon (b) Afinn Lexicon

Figure 13. Turkey - Standardized Sentiment Scores by News Source

In general, analysis for the second research question has deduced two key items

thus far. The first is that there are two similar groups of countries; Israel and Turkey

form one group, and Jordan and Lebanon form the other. Moreover, the first group

of Israel and Turkey tends to have more negative polarity in the news articles than

Jordan and Lebanon. The second item is that all the sample countries have variation

in their news sources’ sentiment with the exception of Jordan. The following subsec-

tion addresses the third research question by analyzing change in sentiment over the

selected time period.
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4.4.2 By Sentiment Responses Over Time

In this subsection, drastic sentiment changes are highlighted with feasible factors

that could have driven the sentiment change. While sentiment analysis with a positive

to negative spectrum is informative, a deeper dissection based upon emotions delivers

better sentiment clarity. The NRC lexicon provided this extra layer with multiple

emotion classification, and in this case four relevant emotions were investigated: joy,

anger, fear, and sadness. Potential patterns of reaction behavior can assist policy

makers and analysts in understanding the narrative of these countries towards Syrian

refugees, the dynamics of the complex relationships among the host countries and

Syria, as well as future stances or intentions that could alter foreign policy decisions.

Figure 14. Neighboring Countries’ Sentiment, June 2019 - June 2020

Events from the Syrian side are compared to the sentiment percentages displayed

in Figure 14, to gauge reactions as a whole of the neighboring countries. For the dura-

tion of the selected time period, the fear sentiment was the most prevalent throughout

the duration of the sample articles associated with Syrian refugees. The fear sentiment
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percentage peaked during the months of October 2019, and February-April 2020. In

October 2019, two critical events were announced that could have contributed to a

change in sentiment. The first was the withdrawal of U.S. troops in northern Syria,

a move that represented a “significant shift in U.S. foreign policy” [74]. The second

is the death of the Islamic State of Iraq and the Levant (ISIL) leader Abu Bakr al-

Baghdadi [75]. The implications of the first event could be the fear due to uncertainty

that comes with the loss of a major power’s involvement, while the second is possibly

the concerns of revenge or increased conflict. Both events entail follow-on conse-

quences through the region, specifically more forced migration from Syria. Thus it is

plausible that the neighboring countries perceive an association between the ramifi-

cations of these events and Syrian refugees, as is disseminated by the sentiment tone

in the news articles.

As for the February-April 2020 time frame, multiple significant developments oc-

curred. The Balyun airstrikes in February, for example, caused a chain reaction

of events, to include Operation Spring Shield by Turkey, protests against Russia in

Istanbul, as well as the opening of Turkey’s western border as retaliation for not re-

ceiving more support from the European Union for intervention in Syria [76, 77]. All

these events are again indicators of conflict continuation and more reasons for refugee

displacements. Another relevant factor was the spread of coronavirus in the region

starting in February, with the first case confirmed by the Syrian government in March

2020 [78]. It is interesting how the beginning of this time frame had the highest anger

percentage (February 2020) and then at the end had shifted entirely to the highest

sadness percentage (April 2020). Over a span of three months, the viewpoint on Syr-

ian refugees by its neighbours changed, possibly due to coronavirus, displacements

and effects of conflicts, or a mixture of both. If this relatively quick shift is a reaction

to the threat of coronavirus, it does bring forth the notion that the Levant region
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can consolidate in empathetic sentiment towards a greater outside threat. One impli-

cation of this notion is that when the region shares a perspective on an all-inclusive

threat, it is possible for joint posture, and then potentially, cooperation.

The other intriguing time stamp is September 2019, the only point during the se-

lected period where the joy sentiment overtook any other emotion. A major highlight

of this month could be the proposal announcement by Turkey at the United Nations

general assembly to create a safe zone and resettle millions of Syrians [79]. The pro-

posal included the idea of providing financial assistance for aid in returning Syrian

refugees from the neighboring countries to the safe zone, especially from Jordan and

Lebanon. The sentiment could be a result of the prospect of the financial assistance

and lessening the refugee strain on those countries, or simply due to the direction

of proposed stability in northern Syria which would infer less forced migrations. In

either case, a prospective economic gain or stability is the result and is possibly a

factor for the joy sentiment.

The sentiments discussed thus far are of the selected countries as a whole in align-

ment with the events from the Syrian side. Comparisons with the individual countries

sentiment and their internal events can point to any additional potential sentiment

change indicators, or stark differences in sentiment from the majority. Checking for

these differences can indicate which, if any, internal events might have also been a con-

tributing factor to drastic change in sentiment towards Syrian refugees. Highlights of

sentiments for each country and the internal events during the corresponding month

are discussed in the subsequent paragraphs.

First, the major points are discussed for Israel. The joy sentiment percentage

peaked in September 2019 for Israel. The main internal event from this month is

the Israeli elections, the second round after a tie in April of the same year [80]. The

following month in October 2019, this switched to a peak sentiment percentage of
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fear. Highlighted events include the failure of forming a stable governing body again,

and the signs of a deepening political crisis post elections [81]. The fear sentiment

percentage peaked again in March 2020, when the elections were held again for a

third time [82]. During this month, there were nationwide protests against Benjamin

Netanyahu demanding his resignation, mainly due to corruption scandals [83]. The

anger sentiment peaked during the month of February 2020. The first case of coron-

avirus was confirmed in February 2020 in Israel [84]. While the sadness sentiment was

relatively consistent throughout the entire period, it reached the lowest level during

the month of February 2020, when anger peaked. Overall, the fear percentage senti-

ment superseded all the other sentiments for the entire period. There are no obvious

major clashes in sentiment compared to the majority.

Second, the main points for Lebanon are summarized. In the samples from

Lebanon, the fear sentiment peaked during the months of October 2019, Decem-

ber 2019, and February-March 2020. October 2019 witnessed the largest spontaneous

national protests across Lebanon in years, and was the start of a political crisis in

which its effects still manifest today [85, 86]. February 2020 was when the first coron-

avirus case was confirmed in Lebanon, and March is when the first death was recorded

[84, 87]. There were no major or relevant internal events in December 2019, but fear

and sadness sentiments peaked during this month, while anger and joy were at the

lowest levels. A speculation could be that this is the sentiment of the end of the

year with dire political and economic conditions causing fear and sadness for a bleak

outlook on the state of the nation. Anger peaked during October 2019 and January

2020, the main internal events as a cause are possibly the national protests [85, 86, 88].

Fear was generally the largest sentiment percentage throughout the selected time pe-

riod, and there were no evident disconnects from the majority region sentiment. The

month of December 2019 provides an interesting insight. This month is when the
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conflict in Idlib escalated, leading to thousands of more Syrian refugees fleeing the

violence [89]. This instance supports the assumption that sentiment change towards

Syrian refugees is more likely driven by external factors or events rather than internal.

Third, the key internal aspects for Turkey are considered. The fear sentiment was

high during the months of October 2019, and then February-May 2020. October 2019

was when Operation Peach Spring began, a Turkish offensive into north-eastern Syria

[90]. It is also during this time that American troops were withdrawn from north-

eastern Syria that had been supporting Kurdish allies [91]. As for February 2020, two

major earthquakes in Turkey, as well as a deadly airstrike in Balyun that was possibly

assisted by the Russian Air Force took place [92, 93]. Russia denied involvement with

the incident, but protests against Russia still occurred the day following the strike

at the Russian consulate in Istanbul [94]. The highest level of anger percentage

sentiment occurred in February as well. In March, the first coronavirus case was

confirmed in Turkey, bringing a series of governmental measures that were not eased

until the end of May 2020 [95, 96]. Sadness was prevalent in June 2020. This month

is when military operations against Iraq began (Operation Claw-Eagle and Operation

Claw-Tiger) [97]. The joy sentiment only peaked during September 2019, which is

when Erdogan’s plan was announced at the UN General Assembly to settle Syrian

refugees in north-eastern Syria [79]. Overall, there are no distinct contradictions in

sentiment compared to the majority.

Lastly, for Jordan, there were no consistently discerning sentiment trends as with

the other countries. Fear was high during the month of December 2019, but sadness

was at the lowest level. The highest level of anger sentiment was in October 2019.

Protests starting with a teacher’s union demanding better pay had been ongoing

during this month [98]. The highest fear percentage was in March 2020. In this

month, Jordan had declared a state of emergency due to coronavirus [99]. Overall,
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there are no stark or evident instances of contradiction in sentiment compared to the

majority.

While internal events might have some contribution to a drastic change in senti-

ment towards Syrian refugees, it is more likely that externally-related factors are the

main drivers to producing inflection points for sentiment change. A general propo-

sition is that the initial framing is likely a by-product of internal factors of the host

nation, but then drastic sentiment changes after a solidified frame are caused by ex-

ternal factors. These external factors can vary in origination, such as foreign nations’

policy changes and operations, pandemics, or the typical conflict clashes continued

from the Syrian war.

4.5 Summary

In this chapter, news article samples from Israel, Jordan, Lebanon and Turkey were

analyzed. The section began with results of an exploratory analysis, then frames anal-

ysis, and finally sentiment analysis. The insights obtained answered three research

questions. The first addressed the existence of a dominant refugee frame utilized by

the sample countries, the second investigated the sentiment of these countries, and

the third examined potential factors behind drastic sentiment changes.
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V. Conclusion

In this case study, the perspective of host countries neighboring Syria towards

Syrian refugees was analyzed through news media articles via two components: fram-

ing and sentiment. The proof of concept is established in that perspective on a fixed

target, in this case, Syrian refugees, can be analyzed through framing and sentiment.

Framing is the context for which information is portrayed, and sentiment is the un-

derlying tone relaying the information. From the sample of countries selected, Iraq

was removed due to insufficient news article observations.

Exploratory analysis provided insights prior to addressing the research questions.

The key items are the prevalence of themes such as religion or terrorism in the refugee

articles’ corpus based on country, as well as the large association of the United States

to refugee news in the Levant area, possibly due to foreign policy or United Nations

initiatives and financial contributions.

The frame and sentiment analyses addressed three specific questions. The first is

to determine if there was a dominant refugee frame utilized by the sample countries.

Based on the observations collected, it is indicative of a dominant frame, and that

Syrian refugees were largely portrayed in a political frame for the June 2019 - June

2020 period.

The second is to determine sentiment similarity or dissimilarity within each coun-

try and across the countries. The analysis displayed similarity of sentiment across

two groups of countries. Israel and Turkey formed one similar grouping, while Jordan

and Lebanon formed the other. Moreover, the first group of Israel and Turkey tended

to have more negative polarity in the news articles than Jordan and Lebanon. In ad-

dition, all the sample countries have variation in their news sources’ sentiment with

the exception of Jordan. This result is unsurprising, as news and media censorship is

well known to be in Jordan.
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The third is to determine periods of drastic change or intensity in sentiment, and

potential factors that could have driven the change. For the Levant samples as a

whole, fear was the prevalent sentiment, with the largest peaks at two time frames.

The first is October 2019, and the second is February-April 2020. Possible factors for

the first period include the withdrawal of U.S. troops in northern Syria, an indicator of

a shift in U.S. foreign policy, as well as the death of ISIL leader Abu Bakr al-Baghdadi.

As for the February-April 2020 period, there were two routes of events that could be

potential factors. The first series of events are possibly caused by the Balyun airstrikes

and are all indicators of conflict continuation and refugee displacements. The second

route is the emergence of the coronavirus pandemic. A key observation is that the

beginning of this time frame had the highest anger percentage (February 2020) and

by the end had shifted entirely to the highest sadness percentage (April 2020). If

this shift in sentiment is a reaction to the threat of coronavirus, it does bring forth

the notion that the Levant region can consolidate in empathetic sentiment towards a

greater outside threat. The implications of this notion is that when the region shares

a perspective on an all-inclusive threat, it might be possible for joint posture, and

then potentially, cooperation. Country-specific details on sentiment change over time

can be found in chapter four.

A general proposition from this study is that the initial framing is likely a by-

product of internal factors of the host nation, but then drastic sentiment changes

after a solidified frame are caused by external factors. These external factors can vary

in origination, such as foreign nations’ policy changes and operations, pandemics, or

the typical conflict clashes continued from the Syrian war.

As for potential applications and implications of this case study, they mainly

involve policy, planning, and posture. Determining the framing of refugees for a

country is a potential indicator for the possibility of refugee weaponization, especially
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for highly political framing. While Turkey has already conveyed actions of refugee

weaponization on a higher level than the remaining Levant countries, the U.S. and

allies cannot eliminate the high potential for these remaining countries to follow

suite. Moreover, classifying countries and grouping them into sets of similarity may

highlight intended postures or perspectives on fixed target issues, such as refugee

weaponization. For a larger sample of countries, such as the entire Asian continent,

these sets of similarity can provide a form of simplification by grouping to assist policy

makers. Additionally, one of the region’s peak sentiment changes is directly linked

to U.S. operations and policy, indicating likely influence towards perspectives in the

region prior to the withdrawal from Afghanistan.

5.1 Potential Future Applications and Research

While the U.S. had large association to refugee news in the Levant during the

selected time period of June 2019-June 2020, as well as likely influence via operations

and policy, this might not be the case after the withdrawal from Afghanistan in August

2021. A potential study on the perspective of countries towards America specifically

can be analyzed with the same methodology, and changing the fixed target to the

U.S. rather than Syrian refugees. The route for potentially measuring indications of

influence through framing and sentiment change over time can apply to a number of

longitudinal study applications in the information operations field. It may also be a

proxy measure for information campaigns.

Another possibility is to apply this methodology, with proper approvals, on a

domestic front, specifically for South American countries to analyze the possibility

of refugee weaponization or simply current foreign perspectives on migration. Such

insights may assist the U.S. in addressing potential migration issues that affect the

southern border. Moreover, as displayed in this study, external factors are also likely
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to change sentiment towards refugees in a host country. Identifying external factors

that influence the host countries’ perspectives can gauge external involvement, and

in turn, potential affects on migration flows.

There are also many potential refinements to this study. For example, including

all the languages of the Levant sample countries, such as Kurdish or Turkic languages,

Hebrew, and others. In addition, including non-regional news sources might provide

a basis for comparison with the local sources. Additionally, expanding to include the

entire Middle East, or potentially Europe or Asia can provide a larger picture on the

relations of countries to one another regarding refugees in general.
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Appendix A. Overview Diagram of Study Process
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Appendix B. Additional Details

This appendix provides a) the breakdown of the article samples by news source and

b) additional details to include the lower/upper fences, bottom/top quartiles, as

well as the median for some of the figures in the document.

Table 8. Breakdown of Article Samples

News Source Israel Jordan Lebanon Turkey

1 Haaretz 68 - - -

2 Jerusalem Post 244 - - -

3 Amman Net - 8 - -

4 Ammon News - 8 - -

5 Petra - 1 - -

6 Jordan Times - 24 - -

7 Roya News - 2 - -

8 Al Manar - - 16 -

9 Al Nahar - - 20 -

10 NNA - - 120 -

11 The Daily Star - - 60 -

12 Daily Sabah - - - 663

13 Hurriyet - - - 163

Total 312 43 216 826
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Table 9. Details for Figure 7: Standardized Sentiment Scores by Country – Bing
Dictionary

Entity LowerFence BottomQuartile Median TopQuartile UpperFence

1 Jordan -0.23 0.49 0.74 0.98 1.65

2 Lebanon -0.11 0.37 0.62 0.74 1.28

3 Turkey -2.29 -0.60 0.01 0.56 2.25

4 Israel -2.54 -0.72 0.01 0.51 2.31

Table 10. Details for Figure 8: Standardized Sentiment Scores by Country – Afinn
Dictionary

Entity LowerFence BottomQuartile Median TopQuartile UpperFence

1 Jordan -0.07 0.46 0.66 1.06 1.82

2 Lebanon -0.36 0.26 0.56 0.73 1.42

3 Israel -2.58 -0.73 0.03 0.53 1.79

4 Turkey -2.32 -0.60 0.02 0.56 2.09

Table 11. Details for Figure 9: Israel - Standardized Sentiment Scores by News Source
(Afinn)

Entity LowerFence BottomQuartile Median TopQuartile UpperFence

1 Jerusalem Post -2.32 -0.63 0.10 0.53 1.79

2 Haaretz -2.58 -1.02 -0.43 0.31 1.52
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Table 12. Details for Figure 9: Israel - Standardized Sentiment Scores by News Source
(Bing)

Entity LowerFence BottomQuartile Median TopQuartile UpperFence

1 Jerusalem Post -2.05 -0.61 0.13 0.49 1.95

2 Haaretz -3.20 -1.04 -0.29 0.56 2.49

Table 13. Details for Figure 10: Jordan - Standardized Sentiment Scores by News
Source (Afinn)

Entity LowerFence BottomQuartile Median TopQuartile UpperFence

1 Amman Net -1.56 0.11 1.09 1.56 2.52

2 Roya News 0.66 0.79 0.91 1.03 1.16

3 Petra 0.83 0.83 0.83 0.83 0.83

4 Ammon News 0.50 0.63 0.66 0.84 0.99

5 Jordan Times -0.07 0.42 0.63 0.82 1.32

Table 14. Details for Figure 10: Jordan - Standardized Sentiment Scores by News
Source (Bing)

Entity LowerFence BottomQuartile Median TopQuartile UpperFence

1 Petra 0.86 0.86 0.86 0.86 0.86

2 Jordan Times -0.23 0.48 0.86 0.98 1.65

3 Amman Net -0.48 0.02 0.71 1.72 2.49

4 Ammon News 0.49 0.59 0.65 0.71 0.80

5 Roya News 0.62 0.63 0.65 0.66 0.68
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Table 15. Details for Figure 11: Lebanon - Standardized Sentiment Scores by News
Source (Afinn)

Entity LowerFence BottomQuartile Median TopQuartile UpperFence

1 NNA -0.07 0.49 0.66 0.86 1.36

2 Daily Star -0.83 0.00 0.45 0.60 1.16

3 Al Manar 0.07 0.22 0.35 0.68 0.99

4 Al Nahar -1.62 -0.73 0.15 0.55 1.62

Table 16. Details for Figure 11: Lebanon - Standardized Sentiment Scores by News
Source (Bing)

Entity LowerFence BottomQuartile Median TopQuartile UpperFence

1 NNA 0.01 0.49 0.68 0.86 1.34

2 Al Manar -0.05 0.42 0.56 0.74 1.04

3 Daily Star -0.90 0.01 0.56 0.63 0.98

4 Al Nahar -1.69 -0.63 -0.14 0.63 1.52

Table 17. Details for Figure 12: Turkey - Standardized Sentiment Scores by News
Source (Afinn)

Entity LowerFence BottomQuartile Median TopQuartile UpperFence

1 Hurriyet -1.03 -0.20 0.23 0.58 1.42

2 Daily Sabah -2.38 -0.66 -0.07 0.53 2.09
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Table 18. Details for Figure 12: Turkey - Standardized Sentiment Scores by News
Source (Bing)

Entity LowerFence BottomQuartile Median TopQuartile UpperFence

1 Hurriyet -1.08 -0.11 0.19 0.56 1.52

2 Daily Sabah -2.41 -0.72 0.01 0.49 2.31
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Appendix C. List of Software Packages

This appendix provides a list of packages utilized. All packages were set at default

settings unless otherwise specified.

3.1 Data Manipulation and Pre-processing Packages

• base R [59]

• readtext [100]

• stringr [101]

• tidyverse (includes ggplot2) [102]

• reshape2 [103]

• lubridate [104]

• quanteda [105]

– Minimum term frequency of 50, minimum document frequency of 10.

– See Methodology chapter, Data Pre-processing section for further details

on corpus cleaning

3.2 Framing and Sentiment Techniques, Statistical Testing Packages

• stm [58] for topic modeling

– Parameter of topics K tested in range from 5 to 40

• Multiple packages for sentiment analysis:

– sentimentr [60]
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– Bing Lexicon [43]

– Afinn Lexicon [42]

– NRC Lexicon [44]

• FSA [72] for statistical testing

– α level of 0.05

3.3 Document and Formatting Packages

• xtable [106]

• cowplot [107]
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13. N. Narlı and M. Özaşçılar, “Representation of syrian women and children

refugees’ health in turkish daily newspapers,” Journal of International Migration

and Integration, pp. 1–15, 2019. [Online]. doi: 10.1007/s12134-019-00732-6.

14. D. Onay-Coker, “The representation of syrian refugees in turkey: a critical

discourse analysis of three newspapers,” Continuum, vol. 33, no. 3, pp. 369–385,

2019. [Online]. doi: 10.1080/10304312.2019.1587740.

15. A. S. Haider, S. S. Olimy, and L. S. Al-Abbas, “Media coverage of syrian female

refugees in jordan and lebanon,” SAGE Open, vol. 11, no. 1, pp. 1–21, 2021.

[Online]. doi: 10.1177/2158244021994811.

16. European Commission, “Communication from the Commission to the

European Parliament, the European Council and the Council: Progress

Report on the Implementation of the European Agenda on Migration,”

European Commission, Brussels, Belgium, 2019. [Online]. Available: https:

//ec.europa.eu/home-affairs/sites/default/files/what-we-do/policies/european-

agenda-migration/20191016 com-2019-481-report en.pdf [Accessed: Apr. 12,

2021]

17. A. Righi, “Assessing migration through social media: a review,” Mathematical

Population Studies, vol. 26, no. 2, pp. 80–91, 2019.

18. M. Gallego, E. Gualda, and C. Rebollo, “Women and refugees in twitter:

Rhetorics on abuse, vulnerability and violence from a gender perspective,” Jour-

nal of Mediterranean knowledge, vol. 2, no. 1, pp. 37–58, 2017. [Online]. doi:

10.26409/2017JMK2.1.03.

58
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