
 

 

 THE IMPACT OF THE 2015 REFUGEE CRISIS ON THE  

INTERNATIONAL PLACE BRAND OF HUNGARY  

_______________________________________ 

A Thesis 

presented to 

the Faculty of the Graduate School 

at the University of Missouri-Columbia 

_______________________________________________________ 

In Partial Fulfillment 

of the Requirements for the Degree 

Master of Arts 

_____________________________________________________ 

by 

ANNA MAIKOVA 

Dr. Harsh Taneja, Thesis Committee Chair 

 

MAY 2016 

 



iii 

The undersigned, appointed by the dean of the Graduate School, have examined the 

thesis entitled 

THE IMPACT OF THE 2015 REFUGEE CRISIS ON THE 

INTERNATIONAL PLACE BRAND OF HUNGARY 

presented by Anna Maikova, 

a candidate for the degree of Master of Arts, 

and hereby certify that, in their opinion, it is worthy of acceptance 

_______________________________________ 

Professor Harsh Taneja 

_______________________________________ 

Professor Glen Cameron 

_______________________________________ 

Professor Mitchell McKinney 

_______________________________________ 

Professor Bradley Curs



© Copyright by Anna Maikova 2016 

All Rights Reserved 



 ii 

 
ACKNOWLEDGEMENTS 

 
I would like to thank my adviser Harsh Taneja and Andrey Simonov together with 
Pradeep Chintagunta who kindly provided the dataset.  



 iii 

 
TABLE OF CONTENTS 

ACKNOWLEDGEMENTS……………………………………………………………….ii 

LIST OF ILLUSTRATIONS………………………………………………………………v 

LIST OF TABLES…………………………………………………………………………vi 

ABSTRACT………………………………………………………………………………vii 

Chapter 

1. INTRODUCTION…………………………………………………………………1 

The 2015 Refugee Crisis Events in Hungary 

 
2. LITERATURE REVIEW………………………………………………………….7 

Defining Place Brand 

Place Branding Campaign 

Place Brand Equity 

Methods of Place Brand Evaluation 

Reputation and Crisis  

Research Hypothesis 

3. METHODOLOGY…………………………………………………………….....22 

Content Analysis 

Sentiment Analysis 

Lexicon-based Sentiment Analysis 

Latent Dirichlet Allocation 

Difference-in-differences in a Natural Experiment 

4. RESULTS…..…………………………………………………………………….32 

Data Description 

Selecting the Sentiment Analysis Dictionary 

Twitter Sentiment Word Clouds 

Removal of Media Tweets 

Hashtag Identification 



 iv 

Regression Description 

Regression Estimates 

Sentiment of Tweets in Topics Unrelated to Refugee Crisis 

Conducting Latent Dirichlet Allocation 

Negative Sentiment by LDA Groups 

5. DISCUSSION...………..……………………………..……..………………….……..53 

Conclusion 

Implications 

Limitations 

Future Research 

REFERENCES…………………………………………………………………………..58 

APPENDIX 

1. LIST OF RANDOMLY SELECTED TWEETS FOR HAND CODING.…....66 

2. R CODE……………..………….………………………………………...…...67 

 

 



 v 

 

LIST OF ILLUSTRATIONS 

Figure Page 

1.  Trend in overall negative sentiment of tweets                                                        31 

2.  A word cloud from Twitter dataset about Hungary in three periods (ordered as 

before, during, and after the crisis)                                                                        36 

3.  A word cloud from twitter dataset about Romania in three periods (ordered as 

before, during, and after the crisis)                                                                        37 

4.  Overall negative sentiment in tweets                                                                      42 

5.  Results of AIC                                                                                                         44 

6.  Results of BIC                                                                                                         45 

7.  Convergence of log likelihood by MCMC draws                                                   45 

8. Volume of tweets across different topics, Hungary                                               47 

9.  Share of tweets across all 3 groups in Hungary                                                      48 

10. Volume of tweets across different topics, Romania            48 

11. Share of tweets in all 3 topics in Romania             49 

12. Negative sentiment in 1st topic (‘tourism’)             50 

13. Negative sentiment in 3rd topic (‘miscellaneous’)            50 

14. Negative sentiment in 2nd topic (‘refugee crisis’)            51 

15. Overall trend in search of ‘Hungary’ on Google as of April 2016                        55 



 vi 

 

LIST OF TABLES 

Table Page 

1. The Number of News Articles about Hungary and Romania in both the New York                

Times and the Guardian  25 

2. The Comparison of Two Sentiment Analysis Methods in the Number of Tweets 33              33 

3. The Comparison of two Sentiment Analysis Methods in the Percentage of Tweets     33 

4. The Comparison of Human Coding to the Liu and Hu Classification 34 

5. The Comparison of Human Coding to the SentiStrength Polarity Classification 35 

6. Top 20 Hashtags about Hungary and Romania 38 

7. The Results of Regression using SentiStrength by a Single Tweet          40 

8. The Percentage of Tweets per Topic              46 

9. The List of Most Popular Words in Three Identified Topic           46 

10. The Results of Regression Using SentiStrength by a Single Tweet (the Refugee   

Crisis Topic) 52 

 



 vii 

 

The Impact of the 2015 Refugee Crisis on the 

International Place Brand of Hungary  

Anna Maikova 

Dr. Harsh Taneja, Thesis Committee Chair 

Abstract 

 

This quantitative study examines how the 2015 European refugee crisis events 

affected the international place brand of Hungary on Twitter in both short and long terms. 

The study supports the application of quantitative methods and dictionary-based 

sentiment analysis of tweets to the discipline of place branding. There is a significant 

increase in the amount of negative sentiment in tweets during the crisis (July-October, 

2015) due to a high number of tweets about the refugee crisis. However, this effect has 

not persisted after November 2015. To conduct the sentiment analysis, we apply the 

lexicon-based polarity dictionary SentiStrength; to divide tweets into specific topics, we 

use Latent Dirichlet Allocation (Blei et al, 2003). The tweets that are likely published by 

media organizations are excluded from the analysis. 

There is no significant increase in the amount of negative sentiment in tweets 

after the crisis, which suggests no persistent effect of the crisis on the place brand of 

Hungary in the long term because that negative sentiment about the crisis comes only 

from the tweets about the refugee crisis. The contribution of this study is the 

establishment of a research framework for the social media analysis of place brands in a 

crisis as well as in forming a solid basis for the application of this framework to studying 

other place brands in a crisis. 
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INTRODUCTION 

 

 

 
The United Nations Refugee Agency reported that the world is currently 

experiencing the highest inflow of forcibly displaced people since the World War II also 

referred to in major news media as ‘the European refugee crisis’ (UNHCR, 2014). 

Although non-EU countries (Turkey, Lebanon, and Jordan) host more refugees than any 

other countries combined, it is the European Union (EU) that primarily attracted 

international media attention in 2015 (UNHCR, 2015; Fry, 2015). 

The EU border control reports that roughly half million refugees and migrants 

entered the EU since the beginning of 2015. The refugee inflow intensified in the spring 

of 2015 and spiked in August 2015 when about 160,000 migrants crossed the EU borders 

(Fry, 2015). Hungary, Romania, Czech Republic, and Slovakia closed their borders in 

order to stop the flow of refugees. One of the biggest migration streams ended up going 

through Hungary due to geographic reasons, and Hungary answered in a reactive way 

that resulted in a large media outbreak. This decision to close the borders for refugees 

became a controversial humanitarian issue for Hungary. The country faced a reputation 

‘exam’ that motivated this research in the area of public diplomacy, place branding, and 

crisis communication. By the events of the 2015 European refugee crisis, we consider the 

increased inflow of refugees in the summer 2015 and the accumulative response of 

Hungary to it (building a fence with Serbia, adverse treatment of refugees by Hungarian 

police and reporters, and other events that received an intensive coverage by international 

media). 
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The research framework is the theories of place branding and crisis 

communications on social media. The place brand of Hungary is compared with the place 

brand of a similar country, Romania (control group), which did not experience the 

intensive international media coverage at the same time. However, a major protest 

happened in Romania after a fire broke out in a nightclub in Bucharest on October 30, 

2015, and killed 30 people. It led to a massive protest accusing the incumbent 

government of corruption until November 8, 2015, when the Romanian Prime Minister 

Victor Ponta stepped down with his cabinet (Tran, 2015). The research controls for this 

event, adding an extra variable in the regression. Both national economies of Hungary 

and Romania are dependent on services, including tourism revenues, and consider their 

reputation in international news and social media, where prospective tourists could seek 

information about the countries (Findthedata, 2015; Indexmundi, 2015).  

Our assumption that the Hungarian government values its international image in 

the eyes of tourists and news media is supported by the authorities’ reaction to the recent 

increase in a tourist flow. In the first half of 2015, the number of international tourists to 

Hungary has increased by 17.5 percent, which is four times the global average, according 

to the World Tourism Organization (Varga, 2015). However, the Deputy State Secretary 

for Tourism Ádám Ruszinkó pointed out that despite the impressive growth rate since 

2010, the tourism industry is a “fragile genre” and “a couple of bad news may cause 

massive damage” (Varga, 2015).   

Twitter is an appropriate data source for this study because it is known to react 

instantly to crisis events with real-time conversations. In addition, this research suggests 

that destination management conversations about places on Twitter can be considered 
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equivalent to real word-of-mouth (Tham et al, 2013). In this study, the international 

reputation of Hungary is the dependent variable that is measured through a sentiment 

analysis of randomly selected tweets that contain the word ‘Hungary’ in the period of one 

year from March 2015 to March 2016. We study tweets collected in English because the 

project measures the international reputation of Hungary. The sentiment analysis is 

conducted before, during, and after the crisis to spot the changes happening to the place 

brand of Hungary.  

Place brand is an image based on geographical and psychological specifications 

of the place that is reflected in the minds of public (Sevin, 2011). The majority of place 

branding studies are qualitative and they rarely explore the reaction of social media users 

to a place brand crisis (Lucarelli & Brorstrom, 2013). This study contributes to both place 

branding and crisis communication theories by evaluating the reputation of place brand 

on social media at different stages of a crisis (Benoit, 1995; Lyon & Cameron, 2004). 

Specifically, the study investigates how the international reputation of Hungary 

on Twitter changed after the inflow of refugees and the consequent events that happened 

during the 2015 European refugee crisis. The research assumes that the events of the 

2015 European refugee crisis and inflow of migrants had a negative influence on the 

reputation of Hungary on Twitter. Analytically, the study uses a difference-in-differences 

design based on a natural experiment. 

The 2015 Refugee Crisis Events in Hungary 

In the summer of 2015, more than 200,000 people primarily from Syria entered 

Hungary with a key goal of getting to Germany that welcomed refugees. These migrants 

preferred to get to Hungary from Greece, which, contrary to the Schengen Agreement, 
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had not registered those migrants and allowed them to further move to other countries 

such as Hungary. On July 13, 2015, Hungary started building a temporary metal 

fence along its 109-miles-long border with Serbia, a non-EU and non-Schengen country, 

in order to stop the flow of refugees (Gorondi, 2015). The Foreign Minister of Hungary 

Peter Szijjarto announced that the country “will apply temporary border seals on every 

border section where there is no other effective way to impede illegal immigration” 

(Jahn, & Cook, 2015, p.1). Two months later, on September 9, right before the fence was 

completed, the record number of 6,000 refugees entered Hungary in one day. 

Simultaneously, the country had issued a law prosecuting anyone who illegally entered 

Hungary. Migrants who reached the border of Hungary but could not proceed further 

went on a hunger strike asking the Hungarian government to open the border and let them 

reach Germany and other European countries as a final destination.  

On September 9, major international news media such as CNN and the Guardian 

aired a video, in which a Hungarian TV reporter had tripped a refugee who was carrying 

a child and running away from the police near the border with Serbia. The video went 

viral on social media after several major international news outlets broadcasted it. For 

example, the Guardian’s article with the video received more than 80,000 shares, and it 

was one of a few news outlets reporting about the events at the Hungarian border (Nolan, 

2015). Consequently, that reporter was fired and faced a fine (Mackey, 2015). In a 

continuation of the crisis events, that Hungarian reporter again received media attention 

when she intended to sue Facebook for “facilitating campaign against her” (Buchanan, 

2015).  
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During the refugee crisis events, the Hungarian police had also attracted adverse 

media coverage, when in September several international and human rights groups 

claimed being harassed by the Hungarian police. The Organization for Security and 

Cooperation in Europe received four registered cases of the police harassment of 

journalists. For example, while covering the events near the country’s border for the 

Associated Press, a reporter was detained and a cameraman was forced by the police to 

delete the footage about the refugees. Another journalist from Poland had received head 

injuries struck by the Hungarian police. The Hungarian officials denied any involvement 

of the country’s police with these incidents. The human rights organizations explicitly 

demanded that Hungary stopped harassing journalists and obstructing their work (Gera, 

2015).  

On September 18, 2015, Hungary started building a new fence on its border with 

another EU member and a non-Schengen Area country, Croatia. On October 16, Hungary 

closed its border with Croatia, moving the flow of migrants to Slovenia. Hungary 

received a broad international criticism from international media and human rights 

groups such as Amnesty International. For example, on September 17, Amnesty 

International tweeted: “#Refugees at border are suffering the extremely dire 

consequences of authorities in #Hungary. http://amn.st/6010BJIHj”, which was 

‘liked’ 203 times and retweeted 591 times. The ones who questioned the Hungary’s 

inclusion in the European Union shared a hashtag #Hungxit. For example, a Twitter 

user Marcus Engert texted on September 3: “ #Hungary breaks elementary European 

rules, Again. Tie to discuss a #Hungxit, hm? #refugeecrisis #Budapest #Keleti 

#magyarorszag #refugees” (Engert, 2015). 
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On the contrary, the internal approval rating of the Hungarian Prime Minister Mr. 

Orban has significantly increased in the period from April to October 2015. The 

increased approval rating was likely connected with the support of the political course of 

dealing with the refugee crisis (Trust.org, 2015). 

On September 23, Romania along with Hungary and three other EU countries 

voted against asylum-seekers’ relocation among other EU members (Die Welt, 2015). 

Romania had not received the intensive media coverage of the same strength until a fire 

broke out in a Bucharest nightclub on October 30, which led to a 20,000-people protest 

and a consequent resignation of the Romanian Prime Minister Victor Ponta on November 

4, 2015 (Tran, 2015). 

On September 28, a very popular TV show, “the Last Week Tonight Show with 

John Oliver”, aired an episode titled “Migrants and refugees” about the misrepresentation 

of these groups by media and a hostile treatment by the Hungarian reporter, politicians, 

and police. The episode showed the video created by the mayor’s office of the Hungarian 

city of Ásotthalom threatening migrants crossing the country’s border. The video reached 

over 5,4 million views on YouTube only, not counting the entire audience of this HBO 

show (Last Week Tonight, 2015). 

This study investigated how the inflow of refugees and the consequent events of 

the 2015 European refugee crisis affected the reputation of Hungary on Twitter. The 

study hypothesizes that the 2015 European refugee crisis negatively affected the 

reputation of Hungary on Twitter. The following literature review shows that several 

researchers used Twitter in place branding studies but not for estimating changes in place 

brand’s reputation before and after a crisis happened at the place.  
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LITERATURE REVIEW 

 

 

 

Global urbanization forces countries, regions, cities, and other entities 

(generalized here under the umbrella term ‘places’) to compete with each other for better 

images in order to attract investments, tourists, talents, and signature events. With 

technological advancements, many places recognize the necessity of being promoted on 

social media and developing positive images in the digital environment. Social media has 

become a useful tool for launching and maintaining place marketing campaigns, 

monitoring opinions about a certain place, and for communicating with the existing and 

future customers (residents, tourists, investors). Social media, therefore, provides a 

unique opportunity to analyze place brands through the eyes of consumers, by conducting 

sentiment analysis or opinion mining. 

This literature review first defines a place brand, its components, and ways of 

measuring it, and then describes how a crisis could affect place brand. The posed 

question is whether place brand’s attributes change according to the events that are 

happening in that location. 

Defining Place Brand 

To begin exploring place brand, it is necessary to study its constituents such as an 

image. The image is a “structured and dynamic representation” of something that is 

reflected in people’s minds and opinions (Velcin et al, 2012, p.818). That is why it is 
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crucial to explore the image on social media, a virtual space, where the conversation is 

ongoing, inclusive, and reactive to events. Social media gives people with computer skills 

and Internet access an opportunity to express their opinions and participate in a 

conversation about a certain issue.  

Place brand is “the perception of a place by external and internal audiences” 

based on geographical, physical, and psychological specifications of the place that is 

reflected in the minds of public (Sevin, 2011, p.4). To explicate a concept of the image 

more broadly, it is important to know that it is a summary of perceptions in a consumer’s 

mind, which is difficult to influence directly. (Anholt, 2009; European Travel 

Commission and World Tourism Organization, 2014, p.34). That is why advertising 

about a place is not a primary source where people perceive places: word-of-mouth 

(WOM) and news media coverage play a significant part in the creation of place brand 

images. Thus, social media provides a relevant platform for not only learning about 

people’s perception of place brands, but also an opportunity to study how these 

perceptions evolve over time.     

One of the characteristics of place branding that particularly limits the 

development of it as a discipline and complicates research on place branding is its 

connection with a number of other research areas. Lucarelli and Brorstrom (2013) 

analyzed 292 articles on place branding and found out that only 36 percent of the studied 

literature is primarily related to the discipline, while the majority of the articles 

correspond to other disciplines such as urban studies (15 percent), tourism (12), planning 

(7), geography (6), marketing (6), and branding (4). Other disciplines connected with the 

topic to a smaller extent are management, economics, social science and sociology, retail, 
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and regional studies. The findings of several scholars acknowledge the interdisciplinary 

nature of place branding. 

Since place branding is interdisciplinary, it is important to look at it from the 

perspective of the most related area of research - urban studies. A classical work by 

Lynch defined the image of the city [place] as the series of physical elements that 

transform into public images: paths that one routinely takes (roads, walks, streets), edges 

or boundaries between the paths (waterfronts, road cuts, walls), districts, nodes (moments 

of shift from one place to another, which Lynch called “strategic spots in a city”), and 

landmarks (Lynch, 1960, p.47).  

Perhaps one of the most interesting urban studies observations of place branding 

is the influence of physical appearance on the entire image of the place. That is why 

many places tend to use their most famous landmarks for place advertisements as well as 

hire renowned architects to design and build attractive buildings, such as Burj Khalifa in 

the city of Dubai. In the article for the Guardian, the Brooklyn College professor and the 

author of books on urban life and culture, Sharon Zukin, described a case when these 

tactics and place marketing campaigns cause criticism by both citizens and scholars 

because these efforts are often expensive and their long-term outcomes are not always 

clear (Zukin, 2014). For instance, the government of Rio de Janeiro put a lot of efforts in 

hosting both the 2014 World Cup and 2016 Olympics, but the local population protested 

against tremendous city spending on these events. 

Place Branding Campaign 

How is a place branding campaign created? A governing body of a place, such as 

city, region, or national government, commissions an external or internal agency that 
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creates a new or builds upon an existing visual identity of a place, and then launches a 

marketing campaign in accordance with the campaign’s goals. The objective of a place 

branding campaign could be in attracting tourists, drawing investments, repositioning the 

existing image, etc. However, place branding is more than just creating attractive logos 

and slogans. Place branding is about managing reputation and brand equity of a place.  

Robert Govers, one of the most influential scholars in the area of place branding, 

argues that logotypes normally serve as creators of awareness for goods that do not have 

a wide recognition. On the contrary, cities and places usually have a vast reputation and a 

distinct image in people’s minds. Unlike consumer brands, places do not fall into specific 

product categories, i.e. food or clothes, because they represent various aspects, such as 

travel, study, relocation destinations, investment opportunities, spaces for cultural events, 

producers of goods and many others. That is why a place branding campaign could turn 

into a complicated task for marketers who develop these campaigns (Govers, 2013). 

In addition, it is harder to control the image of a place than the image of a product 

because more “image formation agents” are involved in this process. From the most to 

the least important, these are organic (personal experience), social (word-of-mouth, 

opinions of friends and relatives), autonomous (mass media), and induced agents 

(advertisements) (Govers, 2013, p.2). Advertising and marketing messages are called 

induced agents and considered to be the least valuable and perceivable by the audience 

(Govers & Go, 2009). That is why social media could become the source for researching, 

creating, and evaluating place brand because it provides a constant access to people’s 

perception of places. This paper further discusses the examples of using social media in 

place branding research. 
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 Scholars urge marketing professionals to develop a consistent ‘strategy and 

substance’ behind the visual identity of their subjects (logos and slogans). In order to 

create place brands, many campaign managers orient on very developed examples such 

as of Amsterdam or New York City, which have the “luxury of historically built global 

awareness and reputation”, unlike the majority of other places (Govers, 2013, p.4). 

Therefore, it is important for governments to implement place brand strategies and 

analysis in the process of creating their visual identities. This study contributes to the 

place branding literature by applying both content and sentiment analyses of place brands 

on social media. 

In 1991, Aaker, one of the most renowned brand strategists in the world, 

introduced the model of brand equity and described the way marketing and advertising 

specialists conducted the research on brand associations. One of these ways is a survey or 

a qualitative study of the associations that a given brand reveals. The potential downsides 

of these methods are the required time and financial resources, which lead market 

researchers to find new ways of conducting research for branding campaigns. 

Moving forward to the present day, with the development of digital tools and 

social media, it is easier for market researchers to explore brand associations constantly 

while employing fewer resources. Currently, there is an increasing number of software 

providers that help track brand associations, sentiment analysis, and media presence of a 

single word, brand, or hashtag. Examples include Twibuzz, Tweetreach, Hashtracking, 

SocialMention, etc. These tools and the application of a social media analysis help place 

branding specialists who adopted these technologies research, monitor, and manage place 

brands.  



 12 

Place Brand Equity 

The reputation and value of a brand are often estimated through its brand equity. 

The concept of brand equity was introduced by Aaker as a set of “assets or liabilities 

linked to a brand’s name and symbol that add or subtract from the value provided by a 

product or service.” These assets are divided into five categories: brand awareness, brand 

associations, perceived quality, brand loyalty and other proprietary brand assets such as 

trademarks or patents (Aaker, 1991, p.15-16; Aaker & Joachimsthaler, 2000).  

There are several ways for a place to enhance its brand equity. One of them is to 

affiliate that place with a strong brand or initiative. It could be a sports event or a culture 

initiative with a broad recognition. For example, in 2011, the Finnish city of Turku was 

awarded the status of the European Capital of Culture (ECoC), a prestigious title that is 

given to one or two economically and culturally recognized cities in Europe on a yearly 

basis (Hakala & Lemmetyinen, 2013).  

This kind of events contributes to the development of a place brand and its equity 

in both short and long terms. In the case of Turku, this process started with the 

application in 2004 and continued until 2007, when the city was chosen for 2011 ECoC 

(Hakala & Lemmetyinen, 2013). A careful and long-term enhancement of a place brand 

through co-branding could lead to several tangible outcomes. In the short and long terms, 

those are an increased number of domestic and international travelers, a consequent hotel 

and tourism revenue growth, augmented visibility in local and international media 

outlets, activation of projects and initiatives, and increased cash flow from foundations 

and other entities. In addition, one of the key factors in boosting place brand equity 

through co-branding is the active engaging and maintaining of relationships with several 
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important stakeholder groups: project and event organizers, local people, visitors, and, 

most importantly - media. 

Methods of Place Brand Evaluation 

Evaluating place brand is not an easy task because there are multiple stakeholders 

and events involved in the creation of it. However, researchers identified several 

approaches to doing it effectively. There are two main ways of measuring the success of 

place branding activities. The first type is the customer-oriented analysis that aims to 

measure place brand through the eyes of a customer and analyze either customer equity 

or customer satisfaction (Zenker, 2014, p.152). The second type is a brand-oriented 

approach, a brand value driver that studies a consumer’s reaction to a brand, and brand 

equity that measures “consumer response to the marketing of the brand” (Zenker, 2014, 

p.152).  

One of the tools that helps researchers measure brand image, a part of brand 

equity, is a Brand Concept Map (aBCM) that is constructed in two stages. During the first 

step, the elicitation, major brand associations are identified through interviews; then, at 

the second stage, the mapping, respondents create their own maps based on the 

discovered associations (Zenker, 2014, p.160). The a- component to the BCM model is 

the additional process during the mapping - individual evaluation of judgments for every 

association and their ranking in accordance with “a purchase decision”, which is a 

willingness to consume the place. The final step is necessary because the associations are 

not equally important when a consumer decides to travel or to invest in a certain place 

(Zenker, 2014, p.162). 
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There is also a conceptualized three-dimensional framework for the place brand 

analysis based on its elements, measurement, and brand impact. There are several groups 

of elements that participate in the construction of a place brand: history and heritage, 

artifacts and spatial plan, events and activities, process and institutions, and symbols such 

as logos and slogans (Lucarelli, 2012, p.236). This appropriation of terms from urban 

studies shows a strong connection between those two fields, urban studies and place 

branding.  

Place brand measurement includes all research methods that evaluate the impact 

of place brand. According to the 2013 Lucarelli and Brorstrom’s analysis of 292 articles 

on place branding, most of the published works were conducted by using case studies and 

qualitative methods. The rest of the studies used quantitative methods, which were 

primarily based on questionnaires and surveys, and few works used mix methods, 

including analysis of primary and secondary data. A place brand impact measures the 

impact of place branding on different dimensions: employment rates, tourist flows, or 

other economic or socio-political data. Overall, this three-dimensional framework 

explains why the equity of a place brand is different from a consumer brand: places are 

very dynamic and harder to control than consumer brands. 

Traditionally, place branding researchers measured public mood and attitude 

towards places by applying qualitative methods such as in-depth interviews or surveys, 

which required time, financial resources and needed to be conducted frequently to follow 

constant changes happening there (Lucarelli & Brorstrom, 2013). However, in the past 

years, a quick emergence of new media and social networks as well as overall 

technological development increased the popularity of quantitative methods in the field. 
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More than 200 companies sell social media data and its analysis and many organizations 

developed their own methods of crawling and monitoring customer opinion and 

satisfaction (Schreiner & Go, 2012). 

Place branding researchers only recently started approaching social media such as 

Twitter and Facebook as their study field, so the number of place brand studies on social 

media is scarce at this point. Twitter is a real-time social network that allows users to 

create profiles, share 140-character messages as well as a visual content and external 

links (Kawash, 2014; Shrivatava, Mayor, and Pant, 2014). Hashtags are the words or their 

combinations started with a #, which are created by users to refer to a specific topic or 

phenomenon; retweet is the re-posting of a message of another user started with “RT” 

and the user’s name (Seargeant & Tagg, 2014, p.139).  This study counts retweets in the 

randomly selected pool of tweets because a retweet can have a bigger effect on the 

development of a topic and its discourse compared with the individual tweet that is not 

retweeted (Hawthorne et al, 2013, p.554).  

What follows is a brief review of two studies, in which tweets are used as the data 

source in place branding research. 

Unlike traditional news sources that are sometimes considered to play a role of 

agenda-setters and gatekeepers of information, social media allows a wider range of 

people to express their opinions about certain issues, including their attitudes towards 

places. There are two relevant research works that use Twitter to crawl the image of a 

place. The first one is the analysis of people’s attitude towards the city of Johannesburg 

as an organization (Schreiner & Go, 2012). For one month all tweets that contained the 

name of the city in different variations were collected, excluding the irrelevant to the 
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research topic tweets. Then, all words in tweets were divided into two groups based on 

their proximity to the studied term, the name of the city. The maximum length of one 

tweet is 140 characters, so the closest ten words to the term were considered to be close-

proximity, and the rest of the words – of extended proximity. The references were 

calculated and put into two tables: “top-of-mind” and extended (Schreiner, & Go, p.126). 

By using this method, the researchers were able to identify what issues were of the most 

importance and concern to the users of Twitter, who tend to represent economically 

active residents of the city; as well as what topics directly affected how people felt about 

the place. Given the access to a social media analytics tool, this type of research usually 

requires fewer resources in comparison with a traditional qualitative study. 

Another study is a research of user-generated place brand equity of the city of 

Stockholm through the analysis of more than 70,000 tweets that contained the name of 

the city in the period of three months. Thematic and semantic analyses were conducted 

on the content of tweets to identify five major themes in Stockholm’s brand equity. 

Interestingly, the most mentioned association with the city name was the Stockholm 

syndrome, followed by events in the city, reflections on trips to Sweden, and explanations 

of the country’s culture. The study concluded that Twitter is a new platform for the 

formation of a city brand meaning (Andéhn, Kazeminia, Lucarelli, Sevin, 2014, p.106).  

Reputation and Crisis 

The projected image and visual identity are constructed and projected towards the 

audience. On the contrary, “reputation is owned by publics” (Lyon & Cameron, 2004, 

p.215).  It is an aggregate evaluation of how stakeholders perceive organization fulfilling 

its promise (Coombs, 2007, p.164). A good reputation is considered important for several 
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reasons, not only for financial benefits. It often expresses in beneficial relationships with 

internal and external publics, stakeholders, and decision makers. However, it is hard to 

measure the reputation because many factors intervene in the process of reputation 

formation. 

Public perception of reputation is constructed on the basis of its financial, 

institutional (i.e. social responsibility), and strategy signals (Frombrun & Shanley, 1990). 

The researchers evaluated reputation based on its quality of products and management, 

innovativeness, attractiveness, community and environmental responsibility (Bovet, 

1994). There are several ratings that evaluate reputation. For corporations, one of the 

reliable ratings is the Forbes Most Reputable Rating, and for countries - the Good 

Country Index. The countries are rated based on their development of science and 

technology, culture, international peace and security, world order, planet and climate, 

prosperity and equality, health and wellbeing. According to the 2015 rating, the U.S.A. 

takes the 23rd position, Hungary – 61st, Romania – 65th, Russia – 95th (Goodcountry.org, 

2015). The data is collected through the United Nations and other international 

nongovernmental organizations. The rating has got more popularity in the last couple of 

years. 

There are many studies that described how a company should address its  

stakeholders during and after a crisis (Coombs, 2007; Coombs & Holladay, 2008; Park & 

Cameron, 2014; Yang, Kang & Johnson, 2010). However, every crisis is different, which 

complicates drawing conclusions based on a single case. The reputation will most likely 

deteriorate if the organization is perceived and found responsible for the crisis. The 

stakeholders could ‘break up’ with that organization or create negative word-of-mouth. It 
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is the responsibility of the company’s management to prevent this situation (Coombs, 

2007, p. 136).  

A crisis can characterize the company’s behavior by taking into account its 

history of dealing with crises and the treatment of its stakeholders. There are two 

intensifying factors that affect the post-crisis communications. Consistency, or crisis 

history, describes whether a company was involved in similar situations before. High 

consistency means that a company experienced several crises prior to this particular one. 

Distinctiveness characterizes the relationships of a company with its stakeholders before 

a crisis. The higher the distinctiveness, the better the relationships of a company with its 

important audiences (Coombs, 2007, p. 137). 

Many crisis communication scholars refer to the Attribution Theory, which 

implies that people tend to look for a reason why a negative event or crisis happened and 

consequently search for a responsible entity. It is important to note that during and after a 

crisis the management has to deal not only with the reputational damage, but also with 

the legal and financial consequences of a crisis, such as sales decline, decreased purchase 

intention, and failing market share.  

The Situational Crisis Communication Theory (SCCT) assesses how a crisis could 

impend the existing reputation. There are three clusters of response: victim, accidental, 

and preventable, in which organizations intentionally put people at risk (Coombs, 2007, 

p.168). All of them have different strong attributions of crisis responsibility. (Coombs & 

Holladay, 2008).  The perception of a crisis might differ based on the source, from which 

people get their news. The data from the Pew Research Center showed that TV still 

remains a primary news source for the majority of the U.S. population as of 2009 
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(Coombs & Holladay, 2009, p.1). However, when the researchers compared TV news 

with newspaper articles, the perception of the crisis did not differ significantly between 

these two sources (Coombs, Holladay, 2009, p.4). In addition, there was no significant 

difference between applying sympathy and compensation strategies. Therefore, it would 

be beneficial for the future studies to compare other news sources, especially social 

media, to spot the peculiarities in the audience’s perception of a crisis. 

There are several theories and guidebooks of how to manage crisis 

communications and organization’s reputation in different situations. It is important to 

note that crises have dynamic nature; therefore, communications during the crisis also do 

not take only one position, they could move from advocating the organization to 

accommodating the crisis, its victims, and publics (Pang et al 2010, p.533). 

Any crisis communications process is very dependent on how close and 

autonomous public relations practitioners to the organization’s top management or other 

decision makers that are collectively called dominant coalition in research works  (Shin et 

al, 2006, p.286). Crisis communications scholars stressed the importance of PR 

practitioners’ participation in the “dominant coalition” (a decision-making group) and 

having an influence upon the important decisions during the crisis (Shin et al, 2002). 

Research Hypothesis 

Both place branding and social media analysis are emerging areas of reseach and 

are not vastly developed disciplines. Nonetheless, place branding interests many 

researchers across various disciplines, including media studies, marketing, urban 

planning, and computer science. Social media and Twitter, in particular, provides an 

opportunity to dive into people’s opinions about certain places in order to identify brand 
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associations with a place, conduct research about branding campaigns, or even check the 

performance of a specific area’s governance. Unlike traditional media, online social 

networks allow users to express their opinion in an open way, which adds an external 

validity to the research as it analyzes the expressed real-time opinions of users and not in 

artificial laboratory conditions or surveys. However, there are some constraints in 

researching place brands on social media, such as the absence of a solid body of prior 

academic work, the dominance of qualitative studies in the field, restricted access to 

sentiment analysis software for researchers, and other peculiarities typical to any 

developing area of study.  

According to a report by the United Nations, in 2014, 54 percent of the world’s 

population resided in urban areas, and the number is expected to grow up to 66 percent of 

the world’s population by 2050 (Department of Economic and Social Affairs, 2014). This 

global trend of increasing urban population suggests the intensification of competition 

between places for resources, which, in turn, will facilitate the field of place branding and 

make it an even more interesting area for the researchers who are interested in 

interdisciplinary studies. 

 Few studies have investigated and measured a place brand’s reputation at the 

different stages of a crisis. In addition, even fewer scholars used quantitative methods for 

researching place brands in crisis. Our research draws on a recent crisis with the 

investigation of how a crisis and consequent negative media coverage affect a place 

brand. By doing it, the research contributes to the fields of place branding and crisis 

communications to investigate how place brands are changed due to the sudden events 

and negative coverage and by drawing implications for the field of crisis communication. 
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Specifically, the study investigates whether the place brand of Hungary was impacted by 

the 2015 European refugee crisis and posits the following hypothesis. 

H1: It is hypothesized that the 2015 European refugee crisis negatively affected 

the place brand of Hungary on Twitter. 

Additionally, the thesis poses the following question: 

RQ: Has the hypothesized negative effect (posited in H1) persisted after the 

immediate upshot of the crisis? 
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METHODOLOGY 

 

 

 

This paper employs several methods of conducting the analysis of tweets. First, 

we conduct content analysis of media sources to establish time periods of the crisis, and 

then we conduct sentiment analysis, which measures the sentiment of tweets – in a range 

from positive to negative valence. To calculate this valence, we apply two lexicon-based 

approaches that use dictionaries with identified sentiment and polarity. Second, since all 

tweets are related to one or another topic about the country, we apply a Latent Dirichlet 

Allocation, a classification model that fits the discrete data such as text (Blei at el. 2003). 

This model divides each tweet into separate words or phrases and creates the corpora 

representing word count in each tweet. 

In addition, the events in Hungary associated with the 2015 refugee crisis fit a 

difference-in-differences method in a natural experiment, which happens when an 

unexpected event, such as a sudden migrant flow to Europe and a decision of refugees to 

get to Germany through Hungary, assigned Hungary as a treatment group and Romania 

as a control group. What follows is a more detailed description of the methods 

implemented in this paper. 

Content Analysis 
 

As mentioned above, in this research, we are doing two content analyses: first, the 

analysis of media to identify the time periods of the crisis, the second – on tweets. 
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Content analysis is one of the increasingly popular research methods in mass media. One 

of the first practical examples of modern content analysis was devised during the World 

War II. The Allied intelligence units researched the content of the European radio stations 

to identify an increase of a number of German songs played, in order to locate  and 

identify the movements of the German troops on occupied territories (Wimmer & 

Dominick, 2014, p. 159).  

There are several definitions of the content analysis, and the current paper used 

one defined by Kerlinger (1986) as a method of analyzing communication and measuring 

variables in a systematic, objective, and quantitative manner (Wimmer & Dominick, 

2014, p. 160). Systematic manner implies devising special rules for approaching and 

analyzing data. Objective manner means explicating operational definitions and rules and 

providing a set of criteria. Quantitative manner implies that the collected data will be 

represented precisely and the research findings presented succinctly (Kerlinger, 1986; 

Wimmer & Dominick, 2014, p. 160). 

What follows is the example of using content analysis in place branding research 

as well as a sample analysis of the place brand of Hungary. Some governments establish 

companies or organize departments that purposefully promote their place brands. One of 

them is Brand USA, a private-public entity that aims to promote the United States as a 

premier travel destination (Thebrandusa.com). Sevin (2013) analyzed the content and 

purposes of more than 5,000 tweets created by five most mentioned by Brand USA 

destination marketing accounts (Illinois, San Francisco, Idaho, Texas, and Milwaukee 

Area) in the period of one year starting from October 2011. The content of the tweets was 

divided by their usage pattern: “outside link, hashtag, mention, and retweet” (Sevin, 
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2013, p.3). The study showed that 78 percent of the place brand tweets mentioned other 

accounts, and 65 percent of the studied tweets had outside links, compared with 25 

percent in an average Twitter account. The content analysis showed that these accounts 

mostly described events and attractions, rather than conveyed a local identity of the place 

or its residents. Twitter usage by these destination accounts was limited as it primarily 

aimed at promoting events in places to the mass audience. Place marketers need to better 

execute a social media strategy in destination branding campaigns to influence their 

target audiences.  

As in any research method, there are some limitations inherent to a content 

analysis. For example, the implications of the research alone cannot measure the impact 

of messages on audience or media effects. The results of the study may also differ based 

on the working operational definitions and categories of that research. The stage of 

selecting a unit of analysis is crucial to content analysis and it means defining “the 

smallest element” but also “the most important” studied unit (Wimmer & Dominick, 

2014, p. 167). In this research, the unit of analysis is a single tweet that contains the word 

“Hungary” or “Romania.” 

Here are the results of a sample content analysis of two newspapers, the Guardian 

and the New York Times, which helped identifying periods before, during, and after the 

2015 refugee crisis in Hungary. Table 1 provides a total number of articles about 

Hungary and Romania that demonstrate the increased coverage of the refugee crisis in 

Hungary from June to October 2015: 
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Table 1. 
The Number of News Articles about Hungary and Romania in both the New York 
Times and the Guardian 

Period / 

Country 

Pre-crisis (March-May) Start of Crisis (June-Oct.) Post-crisis (Nov.- Feb.) 

# of articles Refugee 

crisis 

# of 

articles 

Refugee 

crisis 

Negative 
sentiment 
(refugee 
crisis) 

# of articles Refugee 

crisis 

Hungary 16 0 206 187 160 12 6 

Romania 12 0 34 3 1 13* 0 

*Note. The increase in the number of articles about Romania in the post-crisis period is 
associated with the massive protest that led to the government’s resignation. 
 
Sentiment Analysis 

Sentiment analysis, which is sometimes called opinion mining, is one of the most 

widely used functions in social media research, which stands for the measurement of a 

“conversation’s valence” from a positive to negative range, determined by a researcher 

(Shrivatava et al, 2014). Other important dimensions include buzz or comment analysis, 

mindshare (currently trending news and comments), a meme (rising trends and ideas), 

and a share of voice (a visibility of a studied phenomenon) (Wilcox et al, 2015, p.145). 

 In recent years, there has been an increase in a number of companies that provide 

‘crawl’ software with sentiment analysis – a service that detects what people talk about in 

regards to a specific issue, by analyzing social media content (Pang and Lee, 2008; 

Velcin et al, 2012, p.819). In addition, there are some classification tools that help 

researchers automatically assign tweets based on their sentiments (Shrivatava, Mayor, & 

Pant, 2014). The examples of these tools are Topsy, Simply Measured, Lexalytics, etc. 

To evaluate place brands, some researchers employed the signaling theory, 

according to which place branding is considered to be a sign that transmits “place’s 
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quality” and ability to “satisfy residents’ needs” (Shafranskaya & Potapov, 2014, p.117). 

This example study conducted a consumer-oriented analysis of place brand equity on 

Twitter of the city of Perm, Russia. The researchers identified 16 attributes of the city 

that represented the highest importance to citizens due to both functional and symbolic 

utilities. Then, the researchers assigned these attributed to four groups: city diversity, city 

safety and comfort, professional and job chances, and city facilities (Shafranskaya & 

Potapov, 2014, p.123). In the example study, two pools of respondents assessed these 

attributes: a group of highly educated people with above-average income and a group of 

people with a lower level of education and salary. The responses were compared against 

a perfect score of 100 and revealed a 45 percent satisfaction rate of the city brand 

(Shafranskaya & Potapov, 2014, p.126). This kind of place branding studies help 

governments identify which attributes should be improved in the studied place. In 

addition, this study represents an example of how social media could be employed for 

opinion mining and place brand’s evaluation. 

Not many place branding researchers employ quantitative methodology, and there 

is a lack of existing research about the changes in place on social media during a crisis. 

Our research contributes both to the quantitative study of place brands as well as crisis 

communications research. In addition, there are several sentiment analysis tools that 

differ in their sentiment categories, coding schemes, propriety, and applicability to 

specific disciplines (Young & Soroka, 2012, p.206). This study has chosen a specific 

tool, SentiStrength, and acknowledges limitations of using the automated sentiment 

analysis, such as the accuracy and specifications of each tool in particular as well as a 

possible necessity to check the results with the help of human coders. 
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Lexicon-based Sentiment Analysis 

The automatic sentiment analysis of texts is still an evolving field of study. There 

are several prominent scholars in the field, such as Qian Liu, Zhiquian Gao, Bing Liu, 

Yuanlin Zhang, etc. Sentiment analysis deals with the computational treatment of 

languages, opinions, sentiment, comparison, and other speculations in a studied text (Liu, 

2012; Pang & Lee, 2008). Liu (2012) defines two types of the sentiment analysis: an 

unsupervised learning that employs predefined dictionaries to divide texts based on used 

positive, neutral or negative words and phrases; and a supervised learning that involves 

training of the machine to match the texts with known responses, such as restaurants 

reviews and the corresponding ratings.  

There are three steps in a typical sentiment analysis study: depending on the 

initial text, there is a stage for dividing the dataset into separate sections, such as 

sentences (Pang & Lee, 2004). Then, there is study of data’s polarity, and division by the 

topic (Gamon et al, 2005). The majority of sentiment analysis studies deal with the 

negative-positive polarity, whereas some of them also study emotions such as anger or 

surprise expressed in the text (Thelwall et al, 2010; Soroka et al, 2015).    

Twitter in particular has attracted sentiment analysts and scholars’ attention (Jiang 

et al., 2011; Hu et al., 2013). Twitter as a communication tool includes messages on 

various topics and public interests; the discussion is not moderated, which happens in 

case of a newspaper or blog with an editor. Twitter and other social media have been 

used to conduct sentiment analysis of brand names. However, this application is not 

apparent in the field of place branding.  
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Lexicon-based approach employs dictionaries with identified sentiment and 

associated polarity, such as Lexicoder or SentiStrength (Thelwall et al, 2012). It is 

possible to study the negative sentiment further by identifying the emotions in tweets 

using Lexicoder, which is commonly used for the analysis of speeches in the field of 

political communications (Soroka et al, 2015). Other applied algorithms, such as 

SentiStrength, are oftentimes used for the social media analysis, and on average 

recognize 60.6% of negative sentiment and 72.8% of positive sentiment, according to 

multiple tests conducted by the researchers (Thelwall et al, 2010).  

Latent Dirichlet Allocation 

Tweets about one topic, such as a country, can still correspond to a variety of 

issues. Once the sentiment of the tweets is established, it is useful to examine the 

identities and topics of negative tweets more closely. Classification techniques such as 

Latent Dirichlet Allocation are designed to help the researchers with this task. We use 

LDA to divide the massive of tweets into several topics, such as tourism or a refugee 

crisis, which further helps us analyze the sentiment of these tweets. 

Latent Dirichlet Allocation is a classification model that fits the discrete data like 

text (Blei at el. 2003). The model divides each tweet into separate words or phrases, and 

creates the corpora representing word count in each tweet. Model treats each occurrence 

of word in the tweet as an observation. Each tweet and word has a probability to belong 

to each topic k, with probability distribution being Dirichlet (Blei at el. 2003). A 

researcher provides the model with tweets, number of topics K, and parameters of the 

Dirichlet distribution. Having these inputs, the model runs a Bayesian hierarchical model 
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and produces posterior distribution of probabilities for each word and document to belong 

to each topic.   

To choose the optimal number of topics K for classification, researchers can 

examine the estimated maximum likelihood and choose K, which produces the lowest 

values of the Akaike Information Criterion (Akaike, 1973) or the Bayesian Information 

Criterion (Schwarz, 1978; Tang et al, 2014). 

Difference-in-differences in a Natural Experiment 

A natural experiment happens when an unexpected event or external reason 

“assigns participants randomly to potential treatment or control group” (Murnane, 2011, 

p.136). Internal validity is crucial to experiments. The conditions of natural experiments 

are called exogenous because the participants do not control assignment to these 

conditions (Murnane, 2011, p.136). This research explores the natural experiment that 

happened to the reputation of Hungary due to the unexpected refugee crisis events in the 

summer and fall of 2015.  

In a canonical example of the natural experiment, Dynarski (2003) investigated 

how the change in the Social Security Survivors Benefits (SSSB) federal policy affected 

the attendance and completion of college by the children of the program beneficiaries. 

From 1965 to 1981, the policy provided financial aid for the children of deceased, 

disabled, or retired SSBN grantees. At the program’s paramount, the grantees’ children 

comprised up to 12 percent of all students enrolled in U.S. colleges.  

Three years after the program’s elimination, which happened to become the 

biggest change in the U.S. education policy, the college enrollment had dropped sharply. 

Therefore, two groups of high-school seniors within two years (a year before the 
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program’s elimination and a year after) provided a basis for the natural experiment with 

difference-indifference discontinuity design. Both groups were eligible for the grant, but 

one had a chance to receive that educational grant before 1981, and the other group had 

not because the policy changed. The study found out that the program’s elimination 

decreased the probability of attending college by third (Dynarski, 2003). In addition, 

some researchers argued that the increase of a sample size through the extension of the 

time period could have increased the internal validity of this natural experiment. 

However, in many cases, external factors could influence the validity as well because 

other conditions change over time (Murnane, 2011). 

 The difference-in-differences method has become popular among quantitative 

studies after 1985, when Ashenfelter and Card pioneered this method for estimating the 

relationships between the CETA training and the consequent earnings of trainees. The 

study compared two groups of data (predicted and actual earnings) in two time periods 

(prior and after the training). The researchers concluded that if the comparison is the 

appropriate criterion, then the effect on salary after the training is significantly stronger 

for female participants (Ashenfelter & Card, 1985). 

As the example above demonstrates, in the difference-in-differences method, the 

outcomes are observed for two groups in two time periods. The first group is exposed to 

treatment only in the second period of time. The second one, which is called a control 

group, is not exposed to the treatment in either period (Imbens &Wooldridge, 2007; 

Murnane, 2011). 

In this study, the treatment group is a set of tweets with the word  ‘Hungary’, and 

the control group is a set of tweets with the word ‘Romania’ in them. The period before 
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the crisis events is March – May 2015, the crisis period is July  – October 2015, the post-

crisis time is November 2015 – February 2016, as the preliminary content analysis of 

newspaper articles showed.  

Hungary and Romania joined the European Union in 2004 and 2007 respectively 

and have relatively similar geographical location and demographics (Indexmundi, 2015). 

Both countries have transitioned from centrally planned to the market economies in the 

1990s and sought financial aid from IMF after the 2008 economic crisis. The countries’ 

GDP is dependent on services (Romania - 59 percent, Hungary – 69 percent) such as 

tourism revenues (Indexmundi, 2015). Interestingly, according to the 2012 data, the 

number of refugees and internally displaced people composed 248 people in Romania 

(0.00001% of the country’s population) and 111 in Hungary (0.00001% of the country’s 

population) (Indexmundi, 2015). Additionally, before we completed the difference-in-

differences analysis, we checked the common trend assumption. Figure 1 plots the 

common trend of the change of negative sentiment over time – before the crisis, both 

trends for Romania and Hungary looked similar.  

 

Figure 1. Trend in overall negative Sentiment of tweets
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RESULTS 

 

 

 

 Data Description 

The studied dataset contains a sample of about 50,000 randomly selected tweets 

that include words “Romania” and “Hungary” in the period from March 19, 2015, to 

March 22, 2016. The data is collected using Twitter API and represents approximately 

one percent of all tweets that had contained the words ‘Romania’ or ‘Hungary’ in the 

period of one year. Twitter API provides an opportunity to retrieve one percent of all 

tweets about a specific topic: Morstatter et al (2013) compare the tweets sampled from 

Twitter API and Twitter’s Firehose (an entire universe of tweets) and argue that while 

Twitter API has some caveats, it represents a valid research sample of tweets. Certainly, 

the possibility of having an entire dataset of tweets about Hungary would bring an utmost 

benefit to this study; however, a major downside of Twitter Firehose is its “restrictive 

cost” (Morstatter et al, 2013, p.1). The resulting dataset represents 47,572 randomly 

selected tweets, with 26,355 tweets containing the word “Hungary”, and 21,217 tweets 

with the word “Romania”.  

Selecting the Sentiment Analysis Dictionary 

We have compared and applied two dictionaries for the sentiment analysis. The 

first dictionary is a lexicon-based sentiment dictionary, which had been developed by Liu 

and Hu from 2004 to 2015 (Liu, 2015). The dictionary developed by Liu and Hu is a 



 33 

popular method for allocating the sentiment of consumer product reviews. One can think 

about tweets about countries as some form of a review, so we picked this dictionary as a 

candidate for the analysis. The second dictionary is the SentiStrength dictionary, 

developed by Thelwall and Buckley (Thelwall et al 2010; Thelwall et al, 2012; Thelwall 

& Buckley, 2013). SentiStrength is a polarity-based sentiment dictionary designed for the 

analysis of short informal text and social media (Sentistrength.com, 2016).  

Both SentiStrength and the dictionary of Liu and Hu are reported to be the state-

of-the-art methods for conducting sentiment analysis. We start with comparing both 

methods and find an 84.7% match in the identities of negative and positive sentiments. 

Tables 2 and 3 present the results of the comparison.  

Table 2. 
 The comparison of two sentiment analysis methods in the number of tweets 

 
Number of tweets 

SentiStrength polarity classification 
 

Negative Neutral and 
Positive 

Total 

 
Liu and Hu 
classification 
 

Negative 5,538 3,928 9,466 
Neutral and 
Positive 

3,342 34,764 38,106 

Total 8,880 38,692 47,572 

Table 3. 
The comparison of two sentiment analysis methods in the percentage of tweets 
 

 
Percentage of tweets 

 

SentiStrength polarity classification, % 
 

Negative Neutral and 
Positive 

Total 

 
Liu and Hu 
classification 
 

Negative 11.64 8.26 19.90 

Neutral and 
Positive 

7.03 73.08 80.10 

Total 18.67 81.33 100 
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We then perform the validity test of our measures by comparing the sentiment 

classifications based on SentiStrength and Liu and Hu dictionaries to the benchmark of 

human coding. A random sample of 200 tweets was coded by hand to test the accuracy of 

the applied methods. The hand coding divided tweets into two groups: “0” when the 

tweets were non-negative, and “1” when the meaning of the tweets was negative toward 

Hungary as a country. We treated a tweet as negative if it had negative words in it (See 

Appendix for the human-coded table). 

Tables 4 and 5 contain the results of the comparisons. Table 4 compares human 

coding to the Liu and Hu sentiment classification. 77 percent of tweets are classified 

correctly, with 16 percent of tweets being incorrectly labeled as neutral or positive, and 7 

percent of tweets being incorrectly labeled negative by the machine.   

Table 5 compares human coding to the SentiStrength polarity classification, 

where 77.5 percent of tweets are classified correctly, with 11.5 percent of tweets being 

incorrectly labeled as neutral or positive, and 11 percent of tweets being incorrectly 

labeled negative by the machine.  We conclude that both methods perform reasonably 

well. Given that SentiStrength is designed for the analysis of social media data, we 

Table 4. 

The comparison of human coding to the Liu and Hu classification 

 
Percent of tweets 

 

Liu and Hu classification 

Negative Neutral and 
Positive 

Total 

 
Hand-coded 
classification 
 

Negative 14.5 16 30.5 

Neutral and 
Positive 

7 62.5 69.5 

Total 21.5 78.5 100 
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proceed with this method. In the dataset of 200 randomly selected tweets, 23 tweets that 

are likely to be published by news media agencies are not removed from the analysis. The 

results do not change significantly if the analysis of 177 tweets is conducted. However, 

these 23 media tweets are more likely to be negative than the rest of the tweets.  

As we can see in Table 5, a lower number of 11.5 percent of negative tweets that 

was recognized as neutral and positive justifies the usage of SentiStrength in this 

research. 

Twitter Sentiment Word Clouds 

We begin with the initial description of the data. Figure 1 presents the clouds of 

words, which are labeled as negative in the SentiStrength database for the periods of 

before, during and after the crisis for Hungary and Romania. In the resulting clouds, the 

words ‘refuge’ and ‘crisis’ have dominated the amount of negative sentiment and have 

taken the majority of space in the second and third periods, so we deleted both words in 

the analysis and added the word ‘refuge’ for the sake of demonstration in Figure 2. 

 

Table 5. 

 The comparison of human coding to the SentiStrength polarity classification 

 
Percent of tweets 

 

SentiStrength polarity classification 

Negative Neutral and 
Positive 

Total 

 
Hand-coded 
classification 
 

Negative 19.5 11.5 30.5 

Neutral and 
Positive 

11 58 69.5 

Total 30.5 69.5 100 
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Figure 2. A word cloud from the Twitter dataset about Hungary in three periods (ordered 

as before, during, and after the crisis) 

As we can see from a representation of the most popular words in tweets about 

Hungary in Figure 2, the vocabulary has changed significantly throughout the period 

from March 2015 to March 2016. Before the crisis, the most popular words were 

‘suspend’, ‘death’, ‘beat’, etc. Then, starting from June 2015, the lexicon shifted toward 

the words associated with the 2015 refugee crisis (‘forc’, ‘tear’, ‘clash’) with the word 

‘refuge’ as the most used and prominent during the period of the crisis. After that, in 

November 2015, the lexicon of tweets about Hungary shifted toward a mixture of two 

previous periods: the original vocabulary (‘death’, ‘war’, ‘beat’, ‘terror’), and the 

vocabulary about the refugee crisis period (‘refuge’, ‘detain).   
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Figure 3. A word cloud from the Twitter dataset about Romania in three periods (ordered 

as before, during, and after the crisis) 

On the other hand, the lexicon of tweets about Romania remained more constant 

compared to Hungary. For example, the topic of ‘corrupt’ and ‘home’ remained 

prominent during the whole period of the study (See Figure 3). Additionally, during the 

crisis period the vocabulary in tweets about Romania has not shifted significantly towards 

expressing opinions about the refugees or migrant crisis. This finding suggests that the 

conversations on Twitter about refugees and migrants were more salient in Hungary 

compared to Romania.  

Removal of Media Tweets 

Scholars agree that there is a tendency of a higher negative sentiment in news 

content (Soroka et al, 2015, p.108). To calculate the amount of tweets posted by news 

agencies and media organizations, the sample dataset of tweets with metadata 

(usernames, user bios, and a number of followers) was collected in the period from 

March 14 to March 17, 2016. In the sample dataset, the estimate of the percentage of 

media tweets is 11.6 percent. In the bigger dataset, 12.3 percent of media tweets were 

identified as media-related and removed for further analysis. 
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Hashtag Identification 

Below is the list of the twenty most popular hashtags about Hungary and Romania 

in the period from March 2015 to March 2016, with the respective number of tweets. 

Table 6. 
Top 20 hashtags about Hungary and Romania 
 

 

Regression Description 

To measure the effect of the 2015 European refugee crisis on the reputation of 

Hungary, which is the dependent variable !   measured by sentiment analysis of the 

tweets, the research compares Hungary and Romania, with Hungary facing negative 

media coverage in the crisis period. We distinguish between the short-term and long-term 

effect of the crisis. We define the short-term effect as the difference in a country image 

before and during the crisis, and the long-term effect as the difference in a country image 

before and after the crisis. To estimate both effects of the refugee crisis on the image of 

Hungary, the research uses a difference-in-differences model with the logistic 

specification:  

!*#$% = '( + '**+,-./01$ + '2*3-04.567#8#89 + ':*+,-./01$*3-04.567#8#89 + ';*<=/>067#8#89
+ '?*+,-./01$*<=/>067#8#89 + '@*AB,C<.4<_E0,/>F/F$% + G#$%  

!"#$~&'()*+,*-(0,1)  

Y"#$ = 1'if''''*+,-* > '0  

Y"#$ = 0'if''''*+,-* ≤ '0  
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In this formula:  

• !"    - the indicator variable for the individual tweet i   about country j   on day t   to be 

negative; 

• !"#$%&_(#$)$)*+  - the indicator variable representing crisis; 

• !"#$%_'%()()*    is an indicator variable denoting post-crisis; 

• !"#$%&'()   is a dummy variable (Hungary = 1 and Romania =0) for the country; 

!"#$%&$_()"*+,*,-.    is an indicator variable denoting protests in Romania in 

2015, 

• !"   - the coefficient that estimates the differences between the treatment and 

control groups before the crisis.  

There are two coefficients of interest in the model:  

• !"   is the coefficient on the interaction term, !"#$%&'(**#&+$,_.&+/+/0    captures 

the short-term effect of the crisis on Hungary’s image;  

• !"   is the coefficient on the interaction term !"#$%&'(**+%,&_.&/0/01   , captures the 

long-term effect of the crisis. 

Regression Estimates 

The regression estimates are below in the table, in which: 

• Hungary – a logical variable, which is true when a tweet is about Hungary; 

• During_crisis – a logical variable, which is TRUE during the crisis; 

• After_crisis – a logical variable, which is TRUE after the crisis; 

• Romania:protests – a logical variable, which is TRUE for the protest period in 

Romania from October 30 to November 9, 2015. 
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Table 7. 
The results of regression using SentiStrength by a single tweet 
 
Predictor B SE B 

Intercent (constant) -1.5808*** 0.0346 

Hungary 0.1674** 0.0529 

during_crisis 0.0152 0.0481 

after_crisis 0.0502 0.0473 

Hungary:during_crisis 1.0801*** 0.0651 

Hungary:after_crisis 0.1402* 0.0689 

Romania:protests 1.1235*** 0.0792 

Signif. Codes: *p<.05, **p<.01, ***p<.001 

We used logistic regression to estimate the difference-in-differences model. Table 

7 presents the estimates. Regression reveals that: 1) tweets about Hungary are more 

negative than tweets about Romania; 2) tweets about Hungary have become more 

negative during the crisis compared to the tweets about Romania in the same period; 3) 

tweets about Hungary remained slightly more negative after the crisis compared to the 

tweets about Romania in the same period; 4) tweets about Romania during the protest of 

November 2015 are significantly more negative than other tweets about Romania after 

the crisis. Results 2 and 3 are the most important: these are the difference-in-differences 

coefficients, which show the increase in the level of negative sentiment in tweets about 

Hungary compared to the level of negative sentiment in tweets about Romania during and 

after the crisis period.  
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To interpret the magnitude of these results, we compute a predicted probability 

based on the model estimates. We can compute the probability of negative sentiment in 

tweets by plugging in the regression estimates to the logistic model: 

Pr #$%%#&'(&)%*+#',% = & ./0&( 2345)5 &
78&./0&( 2345)5

      

In this formula, β"   is the regression estimate, and X"   is the independent variable l  . We can 

compute the difference in predicted probability during the period of crisis caused by the 

events associated with the 2015 refugee crisis:  

exp$(−1.58 + 0.17 + 0.02$ + $1.07)
1 + $exp$(−1.58 + 0.17 + 0.02$ + $1.07) 0$

exp 01.58 + 0.17 + 0.02
1 + exp 01.58 + 0.17 + 0.02

= $0.4207 − $0.1994 = $0.2213  

This implies that the refugee crisis has increased the average probability of a 

negative tweet about Hungary in the period of crisis by 22.13 percentage points.  

We now examine the effect of the refugee crisis on the average probability of a 

negative tweet about Hungary in the after crisis period:  

exp$(−1.58 + 0.17 + 0.05$ + $0.14)
1 + $exp$(−1.58 + 0.17 + 0.05$ + $0.14) 0$

exp 01.58 + 0.17 + 0.05
1 + exp 01.58 + 0.17 + 0.05

= $0.2279 − $0.2042 = $0.0237  

This implies that the refugee crisis has increased the average probability of a 

negative tweet about Hungary in the after crisis period by 2.37 percentage points.  
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Figure 4. Overall negative sentiment in tweets 

To aid interpretation of the regression results, we plot the average weekly share of 

tweets classified as negative for Hungary and Romania in Figure 4. We can see a large 

spike in the number of negative tweets about Hungary during the period of the crisis. The 

magnitude of the spike suggests a larger effect of the crisis on the probability of tweets to 

be negative, with a probability of negative tweets increased up to 50 percent during the 

crisis weeks. The model somewhat underestimated the increase in negative sentiment 

because the time frame of the crisis is elongated in the difference-in-differences 

specification. 

We find a significant increase in the number of negative tweets for Hungary after 

the crisis. It suggests that the effect of the refugee crisis lasted for the studied period from 

November 2015 to March 2016.  
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Sentiment of Tweets in Topics Unrelated to the Refugee Crisis  

We have shown that there was an increase in the amount of negative sentiment in 

tweets about Hungary during the refugee crisis. At the same time, we do not know if this 

increase in the negative sentiment was only due to the tweets about the refugee crisis, or 

there was a spillover effect on the sentiment in tweets that are not related to the refugee 

crisis. The following analysis aims to isolate tweets related to the crisis alone. 

Conducting Latent Dirichlet Allocation 

To divide the massive amount of tweets into groups on specific topics, the Latent 

Dirichlet Analysis (LDA) was applied. We estimate LDA with the hierarchical Bayesian 

procedure. The posterior distribution is approximated with the draws from the collapsed 

Gibbs sampler. Since we do not have users’ metadata in the main dataset, we wanted to 

calculate the relative frequency of words to identify the distribution of topics in tweets.  

 To divide tweets by topic, we first deleted the words that matched with the 

dictionary of negative and positive words, and then proceeded to LDA. We did this so 

that negative and positive tweets are not allocated together just by the construction. 

To decide what number of topics is optimal for the analysis, we need to compare 

the model fit. We estimate the model with 2 to 10 groups and compute the average 

posterior likelihood. We use the standard parameters for prior distributions suggested by 

Blei et al (2003). By construction, the average posterior likelihood increases as we 

increase the number of model components. To penalize the model for additional 

variables, we compute Akaike information criterion (AIC) and Bayesian Information 

Criterion (BIC), which are the information criteria that adjust the likelihood.  
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AIC helps minimize the estimated information loss. The lowest AIC is for the 

model with 3 segments, and the lowest BIC is for the model with 2 segments – it is 

because BIC penalizes the model more for extra parameters. Given that the number of 

parameters in the LDA model rapidly increases with the increase in the number of 

segments used, BIC may overpenalize the model. Thus, we proceed with AIC criteria. 

The estimates of log-likelihood (ln(L)) across models with the different number of 

segments are in the Figure 5. 

AIC = 2 * k – 2 * ln(L), where k is the number of parameters in the model. LDA 

estimates n_topics  * (n_words+1) parameters. 

 

Figure 5. Results of AIC 

Figure 4 shows BIC = -2ln(L) + log(n_observations) * k, where k again are parameters. 
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Figure 6. Results of BIC 

 

 

Figure 7. Convergence of log likelihood by MCMC draws  
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The optimal percentage of mutually exclusive topics discovered by LDA for the 

given dataset is three. 

Table 8. 
The percentage of tweets per topic 
 

Tweet group number and name  Percentage of tweets 

1. Tourism  23% 

2. Refugee crisis 41% 

3. Miscellaneous  36% 

 

Table 9. 
The list of most popular words in three identified topics 
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Table 9 presents the most common words characterizing the resulting topics. The 

first group of words is related to miscellaneous issues, sports championships and cultural 

contests such as the Eurovision Song Contest. The second group of words is about 

refugees and the migrant crisis. The third group is primarily about tourism in Hungary 

and Romania. 

Figures 8 to 11 plot the volume and relative shares of tweets of these three topics 

over time for Hungary and Romania. Figure 9 shows that during the time of the crisis, 

tweets about the refugees corresponded to around 80-85 percent of all tweets about 

Hungary. There is no such spike in the reporting about Romania, with tweets about 

refugees having been the least tweeted topic.  

 

Figure 8. Volume of tweets across different topics, Hungary 
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Figure 9. Share of tweets across all 3 groups in Hungary 

 

Figure 10. Volume of tweets across different topics, Romania 
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Figure 11. Share of tweets in all 3 topics in Romania 

We now examine the changes in the level of negative sentiments for tweets 

classified as ‘tourism’ (topic 1) and ‘miscellaneous’ (topic 3).  
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Negative Sentiment by LDA Groups 

 

Figure 12. Negative sentiment in 1st topic (‘tourism’) 

 

Figure 13. Negative sentiment in 3rd topic (‘miscellaneous’) 
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We do not see a spike in negative sentiment during and after the crisis in the 1st 

and 3st topics. Once again, we ran separate difference-in-differences regressions based on 

tweets about topics 1 and 3; we do not find any significant increase in negative sentiment 

during or after the crisis. We take this as evidence that there was no increase in the 

negative sentiments in topics other than the refugee crisis (topic 2).  

Finally, we examine the change in the sentiment in the refugee crisis topic 

separately. Figure 14 plots the average sentiment for this topic over time.  

 

 

Figure 14. Negative sentiment in 2nd topic (‘refugee crisis’) 

As expected, there is a spike in negative sentiment during the crisis in the 2nd 

group and a smaller increase in the post-crisis period. We ran a difference-in-difference 

regression based only on tweets about topic 2. Results are presented in Table 11 below. 
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Table 10. 
The results of regression using SentiStrength by a single tweet 
(the refugee crisis topic) 
 
Predictor B SE B 

Intercent (constant) -0.9569*** 0.0611 

Hungary 0.1247 0.0871 

during_crisis 0.2368** 0.0825 

after_crisis 0.2040* 0.0836 

Hungary:during_crisis 0.8190*** 0.1056 

Hungary:after_crisis 0.1719 0.1126 

Romania:protests 1.8843*** 0.1410 

Signif. Codes: *p<.05, **p<.01, ***p<.001 

 

From the regression estimates, we can confirm a significant increase in the 

amount of negative sentiment for Hungary during the crisis. However, we do not find a 

significant increase in the amount of negative sentiment for Hungary after the crisis. 
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DISCUSSION 

Place brands change because the reality in which they exist evolves and places 

“project their images to their audiences” (Kavoura, 2013, p.29). We have examined the 

sentiments in the tweets about Hungary to estimate the effect of the 2015 refugee crisis 

on the place brand of Hungary on Twitter. We have started with computing the overall 

sentiment in the tweets across time. In this case, we see a large increase in the amount of 

negative sentiment in tweets in the period of the 2015 refugee crisis. There is a slight 

increase in the amount of negative sentiment in tweets right after the crisis, which quickly 

dissolves after one month. This suggests that the refugee crisis had a small carry-over 

effect on the conversations on Twitter that followed the crisis, yet not for long.  

We classified the tweets into topics by applying a Latent Dirichlet Allocation 

method (LDA), which is the classification algorithm based on unsupervised learning. 

Using AIC and BIC criteria, we specify 3 groups of topics: tourism, refugee crisis, and 

miscellaneous (such as sports and events). We examined the change in the amount of 

negative sentiment for each of these topics. We do not find any increase in the amount of 

negative sentiment for tourism and miscellaneous topics, which supports our hypothesis 

that negative sentiment in the tweets has to do with the migration crisis. We do find an 

increase in the amount of negative sentiment in the tweets about the refugee crisis in 

Hungary compared to Romania in the same time period.  

All in all, our analysis suggests that the refugee crisis had a limited effect on the 

place brand of Hungary as measured by sentiments in the tweets. We find a statistically 

significant effect of the refugee crisis on the sentiment of tweets in the period after the 

crisis. Although statistically significant, the magnitude of the effect is only 2 percentage 
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points, which suggests a limited role of the refugee crisis in the place brand of Hungary. 

The plot of the average probability of the negative sentiment also reveals that this 

increase is more visible in the month following the crisis. All of these suggest that there 

is a small long-term effect on the place brand of Hungary. However, future research is 

required to measure this effect more precisely.  

Implications  

What happens after a country undergoes intensive negative coverage due to a 

crisis? Research suggests the consequences depend on how the country has dealt with the 

crisis (Govers et al, 2012). In the case of international place brand of Hungary, we can 

see that the spike in negative sentiment on Twitter has not persisted after the crisis events 

past November 2015. We might further see the consequences by comparing the number 

of tourists in the summer of 2016 with the previous year’s records. In 2015, a record 

number of 10 million international tourists visited Hungary, constituting a 5 percent total 

contribution to the country’s GDP (World Travel Tourism Council, 2015, p.11). 

However, it is hard to argue that the change in the number of tourists is caused by the 

events of the refugee crisis and the consequent reaction of the Hungarian government to 

it. There could be multiple reasons why tourists decided not to travel to Hungary, such as 

a budget spent on the promotion of tourism activities in Hungary, overall economic 
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situation in the region, or people’s choices to visit another country this time. 

 

Figure 15. Overall trend in search of ‘Hungary’ on Google as of April 2016. 
Source: Google Trends 

In addition, in Figure 15, a search trend of ‘Hungary’ on Google shows a spike in 

the search during September 2015, with the latest spike in September 2010, when another 

crisis, the Ajkai alumina plant toxic sludge, hit Hungary last time (Tran, 2010). The graph 

suggests a relatively stable and even decreasing search of ‘Hungary’ on the Google 

search engine, besides the spikes during these two crisis occasions.  

Limitations 

The computational analysis of sentiment in social media is still an evolving 

discipline. One of the limitations of social media analysis is a pre-existing bias in the 

population sample of social media users through their socioeconomic factors, such as age, 

education, computing skills, and income (Hargittai, 2015, p.63). The users of social 

media, such as Facebook and Twitter, tend to be of a younger age (Hargittai, 2015, p.64). 

In addition, Twitter users are more socially connected; therefore, a use of Twitter is 
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limited to a number of people who actively engage with this social medium (Hawthorne 

et al, 2013).  

To support the results of this study and to address its shortcomings, a further data 

triangulation is needed by finding a bigger dataset that includes user bios, a number of 

followers, locations; data from other social networks, such as Facebook; and surveys of 

Twitter users.  

Another limitation is the timeline of this research – from March 2015 to March 

2016. Although the paper addresses the 2015 refugee crisis, this crisis is still ongoing as 

of April 2016. In the beginning of April 2016, the Hungarian government rejected the 

European Commission’s draft plan to allocate refugees among all 28 countries of the 

European Union (Simon, 2016). The Prime Minister of Hungary Victor Orban advocates 

for the plan to “defend Europe”; the outline is to be presented in the second half of 2016. 

Mr. Orban’s refusal to accommodate primarily Muslim refugees is delivered as a 

protection of “Europe’s Christian identity and heritage” (Dnaindia.com, 2016). It would 

be beneficial for the fields of place branding and crisis communication to address these 

limitations in further research. 

Future Research  

In addition to the statement above, it would be interesting to apply this research to 

other countries that are actively involved in the ongoing refugee crisis, such as Germany 

and Greece. However, there is a risk to face many externalities because media outlets 

usually cover Greece and Germany more actively than either Romania or Hungary – so it 

would be somewhat intricate to estimate the exact effect on their place brands and 

reputation.  
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Also, it would be valuable to compare the effect of the 2015 refugee crisis on 

changes in the image of the country among local population of Hungary and Romania as 

well as a sample of international audience. It could be done through interviews with these 

group of people.   
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APPENDIX 
1. Sample of randomly selected tweets for hand coding. 
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2. Code in R 
 
##### 
# (0) libraries 
##### 
library("stringr") 
library('data.table') 
library('ggplot2') 
library("multiwayvcov") 
library("lmtest") 
library("sandwich") 
library('wordcloud') 
library('tm') 
library('SnowballC') 
library('parallel') 
library('lda') 
library("textcat") 
 
setwd('~/Dropbox/TwitterSentiment/') 
rm(list = ls()) 
 
###### 
### (0) functions 
###### 
# to remove punct etc 
clean_words <- function(x) { 
  x <- gsub("[[:punct:]]", "", x) 
  x <- gsub("[[:digit:]]", "", x) 
  x <- gsub("http\\w+", "", x) 
  x <- gsub("[ \t]{2,}", "", x) 
  x <- gsub("^\\s+|\\s+$", "", x) 
  try.error = function(x) 
  { 
    y = NA 
    try_error = tryCatch(tolower(x), error=function(e) e) 
    if (!inherits(try_error, "error")) 
      y = tolower(x) 
    return(y) 
  } 
  x <- sapply(x, try.error) 
  return(x) 
} 
 
# stem the text 
stem_text<- function(text, language = "porter", mc.cores = 1) { 
  # stem each word in a block of text 
  stem_string <- function(str, language) { 
    str <- strsplit(x = str, split = " ") 
    str <- wordStem(unlist(str), language = language) 
    str <- paste(str, collapse = " ") 
    return(str) 
  } 
   
  # stem each text block in turn 
  x <- mclapply(X = text, FUN = stem_string, language, mc.cores = mc.cores) 
   
  # return stemed text blocks 
  return(unlist(x)) 
} 
 
# remove words in the list 
remove_matched <- function(x, w_remove) return(x[is.na(match(x, w_remove))]) 
 
# find tweets with certain words 
find_tweets <- function(x, words_to_search) return(sum(!is.na(match(x, words_to_search))) > 0) 
 
###### 
#### (0) Load the supporting data sources 
###### 
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#### polarity measure (Thelwall and Buckley) 
polarity_data <- fread('~/Dropbox/ TwitterSentiment /data/SentStrength_Data_Sept2011/polar.csv') 
polarity_data <- polarity_data[, list(V1, V2, V3)] 
polarity_data <- polarity_data[!is.na(V2)] 
polarity_data[, V1 := stem_text(clean_words(V1))] 
# words already stemmed 
 
# vocabulary of sentiments 
neg.words <- fread('data/opinion-lexicon-English/neg-words.txt', header = F) 
pos.words <- fread('data/opinion-lexicon-English/pos-words.txt', header = F) 
# delete specific negative words (to get conservative estimates)  
# neg.words <- neg.words[V1 != 'crisis'][V1 != 'breaking']  
neg.words[, V1 := stem_text(V1)]  
pos.words[, V1 := stem_text(V1)]  
 
# stop words 
stopwords <- fread('data/stopwords_ranksnl.txt', header = F) 
stopwords <- as.vector(clean_words(stopwords$V1)) 
stopwords <- c(stopwords, "rt") 
 
# other words to remove for the lda allocation 
words_remove <- c("rt", "hungary", "romania", "slovenia", neg.words$V1, pos.words$V1, stopwords) 
words_remove <- stem_text(words_remove) 
 
# load news agecies names (@newsagency) 
news_agencies <- fread('data/anna_news_agencies.txt', header = F) 
news_agencies[, V1 := clean_words(V1)] 
news_agencies <- news_agencies[V1 != 'business'][V1 != 'guardian'][V1 != 'ap'][V1 != 'ft'][ 
  V1 != 'life'][V1 != 'times'][V1 != 'time'][V1 != 'io'][V1 != 'abc'][V1 != 'good'][V1 != 'waitwait'] 
news_agencies <- as.vector(news_agencies$V1) 
news_agencies <- c(news_agencies, 'bbc') 
 
####### 
### (1) examine how well the hand-coding worked 
####### 
handcoded <- fread('~/Dropbox/ TwitterSentiment /data/handcoded_tweets.csv') 
handcoded[is.na(Negative)] 
handcoded[, textdata := stem_text(clean_words(Text))] 
 
# remove the new agencies tweets from handcoded data 
y <- rep(F, dim(handcoded)[1]) 
for (i in 1:(length(news_agencies)+1)) { 
  x <- handcoded[, grepl(news_agencies[i], textdata)] 
  if (i == length(news_agencies) + 1) x <- handcoded[, grepl("new", textdata)] 
  y[y==F] <- x[y==F] 
} 
handcoded <- handcoded[!y]  
 
## run the sentiment analysis 
n <- dim(handcoded)[1] # number of tweets 
word.list <- str_split(handcoded[, textdata], ' ') # words  
l_index <- c(1, cumsum(sapply(word.list, length))[-n] + 1) 
u_index <- cumsum(sapply(word.list, length)) 
words <- unlist(word.list) 
pos.matches <- match(words, pos.words$V1) 
neg.matches <- match(words, neg.words$V1) 
pos.matches_data <- array(0, n) 
neg.matches_data <- array(0, n) 
for (i in 1:n) { 
  pos.matches_data[i] <- sum(!is.na(pos.matches[l_index[i]:u_index[i]])) 
  neg.matches_data[i] <- sum(!is.na(neg.matches[l_index[i]:u_index[i]])) 
} 
 
handcoded[, senti_pos := pos.matches_data] # number of positive words 
handcoded[, senti_neg := neg.matches_data] # negative words 
handcoded[, senti_dif := senti_pos - senti_neg] # difference between sentiment 
 
### compute the polarity  
polar_matches <- match(words, polarity_data$V1) 
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polar_matches <- polarity_data[polar_matches, V2] 
polar.matches_data.pos <- array(0, n) 
polar.matches_data.neg <- array(0, n) 
for (i in 1:n) { 
  poltmp <- polar_matches[l_index[i]:u_index[i]] 
  polar.matches_data.pos[i] <- sum(poltmp[!is.na(poltmp) & poltmp > 0]) 
  polar.matches_data.neg[i] <- sum(poltmp[!is.na(poltmp) & poltmp < 0]) 
} 
handcoded[, polar_pos := polar.matches_data.pos] 
handcoded[, polar_neg := -polar.matches_data.neg] 
handcoded[, polar_dif := polar_pos - polar_neg] 
## test the matching of senti dict:  
dim(handcoded[!is.na(Negative) & senti_dif < 0])[1]/n # negative match 
dim(handcoded[is.na(Negative) & senti_dif >= 0])[1]/n # positive match 
dim(handcoded[is.na(Negative) & senti_dif < 0])[1]/n # senti neg, handcode pos 
dim(handcoded[!is.na(Negative) & senti_dif >= 0])[1]/n # senti pos, handcode neg 
## test the matching of polarity: 
dim(handcoded[!is.na(Negative) & polar_dif < 0])[1]/n # negative match 
dim(handcoded[is.na(Negative) & polar_dif >= 0])[1]/n # positive match 
dim(handcoded[is.na(Negative) & polar_dif < 0])[1]/n # polar neg, handcode pos 
dim(handcoded[!is.na(Negative) & polar_dif >= 0])[1]/n # polar pos, handcode neg 
 
### described -- pick SentiStrength 
 
####### 
### (2) Load the main data 
####### 
 
#### old data 
data0 <- fread('data/Data.csv') 
data0[, ind := 1] 
data0[, date := substr(Tweet_Creation,5,10)] 
data0[, sum(ind), by='Searchterm,date'] 
data0[, rat_agent :=- User_Followers + User_Friend_Count] 
setkey(data0, rat_agent) 
data0 <- data0[Searchterm != "slovenia"] 
 
# distribution of followers - following 
hist(data0[, rat_agent], xlim = c(-10000,10000), breaks = 10000) 
data0[, news_agency3 := (grepl("News", User_Description) | grepl("news", User_Description))] 
data0[, textdata := clean_words(Tweet)] 
data0[, textdata := stem_text(textdata)] 
y <- rep(F, dim(data0)[1]) 
for (i in 1:(length(news_agencies)+1)) { 
  x <- data0[, grepl(news_agencies[i], textdata)] 
  if (i == length(news_agencies) + 1) x <- data0[, grepl("new", textdata)] 
  y[y==F] <- x[y==F] 
} 
## percent of media tweets, data0 
sum(y)/dim(data0)[1] # 11.6 percent 
 
### new data -- over time 
 
data <- fread('data/Data(1).csv') 
# check the sentiment method 
#data <- fread('data/random_tweets_hungary.csv') 
colnames(data)[3] <- 'stamp' 
data <- data[Searchterm != "slovenia"] 
data[, date := substr(stamp, 1, 10)] 
data[, date := as.Date(date, "%Y-%m-%d")] 
setkey(data, Searchterm, date) 
data[, ind := 1] 
data[, week := as.numeric(date - min(date))%/%7] 
data[, week := week*7 + min(date)] 
data[, sum(ind), by="Searchterm,week"] 
data[, sum(ind), by="Searchterm"] 
 
n <- dim(data)[1] # number of tweets 
 
## clean the text  
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data[, textdata := clean_words(Text)] 
data[, textdata := stem_text(textdata)] 
 
## remove the news agencies tweets 
y <- rep(F, dim(data)[1]) 
for (i in 1:(length(news_agencies)+1)) { 
  x <- data[, grepl(news_agencies[i], textdata)] 
  if (i == length(news_agencies) + 1) x <- data[, grepl("new", textdata)] 
  y[y==F] <- x[y==F] 
} 
 
sum(y)/dim(data)[1] # 12.3 percent of tweets with media names 
# tweets that are done by the news agencies 
data[, news_agencies_tweets := y] # mention the news agencies 
# remove the 'news agencies' tweets 
data <- data[news_agencies_tweets == F] 
n <- dim(data)[1] 
 
 
###### 
## create a list of hashtags 
###### 
 
z <- c() 
for (i in 1:n) { 
  x <- unlist(strsplit(data[i, Text], " ")) 
  for (j in 1:length(x)) if (grepl("#", x[j])) z <- c(z, x[j])  
} 
z1 <- table(z) 
z1 <- z1[order(z1, decreasing = T)] 
z1[c(1:3,5:21)] 
#ggplot(data[, sum(ind), by="Searchterm,week"], aes(x=week, y=V1, colour = Searchterm, group = Searchterm)) + 
#  geom_line() + theme_bw() # volume of tweets 
 
 
###### 
### LDA 
###### 
 
# remove words for lda and find news agencies tweets 
 
yy <- array(NA, n) 
yy2 <- array(NA, n) 
for (i in 1:n) { 
  y <- strsplit(data[i, textdata], " ") 
  y <- unlist(y) 
  yy[i] <- paste(remove_matched(y, words_remove), sep = " ", collapse = " ") 
  yy2[i] <- find_tweets(y, c(news_agencies, 'new')) 
} 
 
# text with removed words 
data[, textdata_lda := yy] 
 
#### classify the text by language 
#data[,  lang_tweet := textcat(Text)] 
#data_english <- data[lang_tweet == "english" | lang_tweet == "scots" | lang_tweet == "irish"] 
#n_english <- dim(data_english)[1] # number of tweets 
 
### run the LDA analysis 
 
# other options: 
# library('stm') 
# library('topicmodels') 
 
lda_prepare <- lexicalize(data[, textdata_lda]) 
# number of words  
n_words <- length(lda_prepare$vocab) 
# number of documents in which each word appears 
words_doc_count <- array(0, n_words) 
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for (i in 1:n) words_doc_count[lda_prepare$documents[[i]][1,] + 1] <- words_doc_count[lda_prepare$documents[[i]][1,]+ 1] + 
lda_prepare$documents[[i]][2,] 
# filter out the words which occur only once 
#lda_prepare$documents <- filter.words(lda_prepare$documents, which(words_doc_count == 1)) 
#n_words_left <- n_words - length(which(words_doc_count == 1)) 
# examine the word counts, from top words to bottom 
x <- word.counts(lda_prepare$documents, lda_prepare$vocab); x <- x[order(x, decreasing = T)] 
# run the lda allocation exercise via collapsed gibbs 
n_tries <- 9 
choose_nmodels <- array(0, n_tries) 
store_doc_alloc <- list() 
 
for (i in 1:n_tries+1) { 
reslda <- lda.collapsed.gibbs.sampler(lda_prepare$documents, i, lda_prepare$vocab, burnin = 50, 
                                      num.iterations = 500, alpha = .1, eta = .1, compute.log.likelihood = T) 
# convergence of the chain 
plot(reslda$log.likelihoods[2,]) 
#plot(reslda$log.likelihoods[2,]) # burn-in around 100 first draws 
# based on the number of words in the document allocated to each topic (after throwing away the burn-in)! 
# allocate the documents to groups based on this! 
#reslda$document_expects  
choose_nmodels[i-1] <- reslda$log.likelihoods[2, 100] 
print(reslda$topic_sums) 
print(top.topic.words(reslda$topics)) 
store_doc_alloc[[i-1]] <- reslda 
} 
bic <- -2 * choose_nmodels + (1:length(choose_nmodels) + 1) * (1 + n_words) * log(n) 
aic <- -2 * choose_nmodels + (1:length(choose_nmodels) + 1) * (1 + n_words) * 2 
png(file = 'figs/ll.png') 
plot(y = choose_nmodels, x = c(2:10), ylab = "Log-Likelihood", xlab = "Number of topics") # choose 3 
dev.off() 
png(file = 'figs/aic.png') 
plot(y = aic, x = c(2:10), ylab = "AIC", xlab = "Number of topics") # choose 3 
dev.off() 
png(file = 'figs/bic.png') 
plot(y = bic, x = c(2:10), ylab = "BIC", xlab = "Number of topics") # choose 2 
dev.off() 
 
#str(reslda) 
#reslda$document_sums[1:10,1:12] 
#word.counts(lda_prepare$documents) 
 
# allocate tweets to the groups - 3 clusters, re-run the code 
png(file = 'figs/ll_evol.png') 
plot(store_doc_alloc[[2]]$log.likelihoods[2,], ylab = "Log-Likelihood", xlab = "MCMC draws") # plot of the likelihood evolution 
abline(v = 50, lty = 2) 
dev.off() 
print(store_doc_alloc[[2]]$topic_sums) 
print(top.topic.words(store_doc_alloc[[2]]$topics)) 
data[, group := apply(store_doc_alloc[[2]]$document_expects, 2, which.max)] 
 
######  
#### sentiment analysis on the entire data 
######  
 
 
# compute the sentiment for each tweet 
word.list <- str_split(data[, textdata], ' ') 
l_index <- c(1, cumsum(sapply(word.list, length))[-n] + 1) 
u_index <- cumsum(sapply(word.list, length)) 
words <- unlist(word.list) 
pos.matches <- match(words, pos.words$V1) 
neg.matches <- match(words, neg.words$V1) 
pos.matches_data <- array(0, n) 
neg.matches_data <- array(0, n) 
for (i in 1:n) { 
  pos.matches_data[i] <- sum(!is.na(pos.matches[l_index[i]:u_index[i]])) 
  neg.matches_data[i] <- sum(!is.na(neg.matches[l_index[i]:u_index[i]])) 
} 
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data[, senti_pos := pos.matches_data] # number of positive words 
data[, senti_neg := neg.matches_data] # negative words 
data[, senti_dif := senti_pos - senti_neg] # difference between sentiment 
#write.csv(data, file = 'sample_senti.csv') 
 
### try computing the polarity  
polar_matches <- match(words, polarity_data$V1) 
polar_matches <- polarity_data[polar_matches, V2] 
polar.matches_data.pos <- array(0, n) 
polar.matches_data.neg <- array(0, n) 
for (i in 1:n) { 
  poltmp <- polar_matches[l_index[i]:u_index[i]] 
  polar.matches_data.pos[i] <- sum(poltmp[!is.na(poltmp) & poltmp > 0]) 
  polar.matches_data.neg[i] <- sum(poltmp[!is.na(poltmp) & poltmp < 0]) 
} 
data[, polar_pos := polar.matches_data.pos] 
data[, polar_neg := -polar.matches_data.neg] 
data[, polar_dif := polar_pos - polar_neg] 
 
## compare polar and senti 
# senti neg: 9729 out of 47572 
# polar neg: 8880 out of 47572 
# both neg: 5538 
 
# number of tweets 
ggp <- ggplot(data[group == 3, sum(ind), by="Searchterm,week"], aes(x=week, y=V1, colour = Searchterm, group = Searchterm)) + 
  geom_line() + theme_bw() +  
  geom_vline(xintercept = as.numeric(as.Date(c('2015-07-01'))), colour = "red", linetype = 4) +  
  geom_vline(xintercept = as.numeric(as.Date(c('2015-10-31'))), colour = "red", linetype = 4) +  
  ylab("Volume of tweets") +  
  xlab("Weeks") 
ggp 
ggsave(filename="figs/volume_trend.png", plot=ggp) 
 
## 2015-10-29 - 2015-11-09 - something goes on in romania 
 
# plot of negative sentiments 
ggp <- ggplot(data[group ==1, mean(senti_dif), by="Searchterm,week"], aes(x=week, y=V1, colour = Searchterm, group = 
Searchterm)) + 
  geom_line() + theme_bw() +  
  geom_vline(xintercept = as.numeric(as.Date(c('2015-07-01'))), colour = "red", linetype = 4) +  
  geom_vline(xintercept = as.numeric(as.Date(c('2015-10-31'))), colour = "red", linetype = 4) +  
  ylab("Average sentiment of the tweet") +  
  xlab("Weeks") 
ggp 
ggsave(filename="figs/neg_senti_trend.png", plot=ggp) 
 
# plot of polarity 
ggp <- ggplot(data[group == 1, mean(polar_dif), by="Searchterm,week"], aes(x=week, y=V1, colour = Searchterm, group = 
Searchterm)) + 
  geom_line() + theme_bw() +  
  geom_vline(xintercept = as.numeric(as.Date(c('2015-07-01'))), colour = "red", linetype = 4) +  
  geom_vline(xintercept = as.numeric(as.Date(c('2015-10-31'))), colour = "red", linetype = 4) +  
  ylab("Average polarity of the tweet") +  
  xlab("Weeks") 
ggp 
ggsave(filename="figs/polarity_trend.png", plot=ggp) 
 
# plot of polarity for logit 
ggp <- ggplot(data[, mean(polar_dif < 0), by="Searchterm,week"], aes(x=week, y=V1, colour = Searchterm, group = Searchterm)) + 
  geom_line() + theme_bw() +  
  geom_vline(xintercept = as.numeric(as.Date(c('2015-07-01'))), colour = "red", linetype = 4) +  
  geom_vline(xintercept = as.numeric(as.Date(c('2015-10-31'))), colour = "red", linetype = 4) +  
  ylab("Probability of the tweet to have negative polarity") +  
  xlab("Weeks") 
ggp 
ggsave(filename="figs/polarity_logit_trend.png", plot=ggp) 
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crisis_begin <- as.Date(c('2015-07-01')) 
crisis_end <- as.Date(c('2015-10-31')) 
 
#2015-10-29 - 2015-11-09 
 
# regression of negative tweets - on the day level 
# neg_sent <- data[, list(polar = mean(polar), neg = mean(neg)), by="Searchterm,date"] 
# neg_sent[, Hungary := Searchterm == "hungary"] 
# neg_sent[, during_crisis := date >= crisis_begin & date < crisis_end] 
# neg_sent[, after_crisis := date >= crisis_end] 
# res <- lm(polar ~ Hungary + during_crisis + after_crisis + Hungary*during_crisis + Hungary*after_crisis, neg_sent) 
# summary(res) 
 
# on the tweet level 
data[, Hungary := Searchterm == "hungary"] 
data[, during_crisis := date >= crisis_begin & date < crisis_end] 
data[, after_crisis := date >= crisis_end] 
data[, ind_neg := polar_dif < 0] 
data[, romania_protests := Hungary == F & (date >= as.Date("2015-10-30") & date < as.Date("2015-11-10"))] 
res <- glm(ind_neg ~ romania_protests + Hungary + during_crisis + after_crisis + Hungary*during_crisis + Hungary*after_crisis, 
data[group == 2], family = binomial) 
summary(res) 
 
exp(sum(res$coefficients[c(1,2,3,4)]))/(1 + exp(sum(res$coefficients[c(1,2,3,4)]))) -  
exp(sum(res$coefficients[c(1,2,3)]))/(1 + exp(sum(res$coefficients[c(1,2,3)]))) 
# during the crisis - negative is significant 
 
# miscellaneous 
 
## composition of tweets 
data[group ==1 , tw_types := "tourism"] 
data[group ==2 , tw_types := "refugees"] 
data[group ==3 , tw_types := "miscellaneous"] 
share_groups <- data[, list(tw = sum(ind)), by='tw_types,Searchterm,week'] 
share_groups[, total := sum(tw), by="week,Searchterm"] 
share_groups[, share := tw/total, by="week,Searchterm"] 
 
ggp <- ggplot(share_groups[Searchterm == "hungary"], aes(x=week, y=share, colour = tw_types, group = tw_types)) + 
  geom_line() + theme_bw() +  
  geom_vline(xintercept = as.numeric(as.Date(c('2015-07-01'))), colour = "red", linetype = 4) +  
  geom_vline(xintercept = as.numeric(as.Date(c('2015-10-31'))), colour = "red", linetype = 4) +  
  ylab("Share of tweets of this type") +  
  xlab("Weeks") 
ggp 
ggsave(filename="figs/tw_share_romania.png", plot=ggp) 
 
 
######  
### apply the results of LDA to the regression 
###### 
 
### pictures are above (in the senti analysis) 
 
# regression by groups of tweets  
neg_sent_group <- data[, list(neg = mean(ind_neg), vol = sum(ind)), by="Searchterm,date,group,week"] 
neg_sent_group[, Hungary := Searchterm == "hungary"] 
neg_sent_group[, during_crisis := date >= crisis_begin & date < crisis_end] 
neg_sent_group[, after_crisis := date >= crisis_end] 
res <- lm(neg ~ Hungary + during_crisis + after_crisis + Hungary*during_crisis + Hungary*after_crisis, neg_sent_group[group == 3]) 
#summary(res) 
coeftest(res, vcov. = vcovHAC) 
# by groups - on the crisis topic marginally significant, otherwise -- nothing 
 
ggplot(neg_sent_group[group == 3, list(neg = mean(neg), vol = sum(vol)), by="Searchterm,week"], aes(x=week, y=neg, colour = 
Searchterm, group = Searchterm)) + 
  geom_line() + theme_bw() +  
  geom_vline(xintercept = as.numeric(as.Date(c('2015-07-01'))), colour = "red", linetype = 4) +  
  geom_vline(xintercept = as.numeric(as.Date(c('2015-10-31'))), colour = "red", linetype = 4) +  
  ylab("Number of negative words per tweet") +  
  xlab("Weeks") 
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#data[Searchterm == "hungary" & neg > 0 & date >= crisis_begin & date < crisis_end] 
 
###### 
## wordl for periods  
###### 
 
data[, c_begin := date >= crisis_begin & date < crisis_end] 
data[, c_end := date >= crisis_end] 
data[Searchterm == "hungary" & c_begin == F & c_end == F] 
 
make_wordcl <- function(x, maxw, minf, remw, flag_negsenti, flag_possenti) { 
  y <- unlist(str_split(x, ' ')) 
  y <- y[is.na(match(y, stopwords(kind = "en")))] 
  y <- y[is.na(match(y, remw))] 
  #if (flag_negsenti) y <- y[!is.na(match(y, neg.words$V1))] 
  #if (flag_possenti) y <- y[!is.na(match(y, pos.words$V1))] 
  if (flag_negsenti) y <- y[!is.na(match(y, polarity_data[V2 < 0, V1]))] 
  if (flag_possenti) y <- y[!is.na(match(y, polarity_data[V2 > 0, V1]))] 
  un_words <- names(table(y)) 
  un_words_numbers <- as.numeric(table(y)) 
  wordcloud(un_words, un_words_numbers, scale=c(3,.5), min.freq = minf, max.words = maxw) 
} 
 
 
png(file = "figs/hungary_world.png") 
#layout(matrix(c(1, 2, 1, 2, 1, 2), nrow=2), heights=c(1, 1)) 
#par(mfrow=c(2,3)) 
#plot.new() 
#text(x=0.5, y=0.5, "Hungary: Before Crisis") 
#plot.new() 
#text(x=0.5, y=0.5, "Hungary: Crisis") 
#plot.new() 
#text(x=0.5, y=0.5, "Hungary: After Crisis") 
par(mfrow=c(1,3)) 
make_wordcl(data[Searchterm == "hungary" & c_begin == F & c_end == F, textdata], 25, 10, 
            c('hungary', 'rt', 'budapest', 'crisi', 'break', 'refuge'), T, F) 
make_wordcl(data[Searchterm == "hungary" & c_begin == T & c_end == F, textdata], 25, 10, 
            c('hungary', 'rt', 'budapest', 'crisi', 'break', 'refuge', 'cross'), T, F) 
make_wordcl(data[Searchterm == "hungary" & c_begin == F & c_end == T, textdata], 25, 10, 
            c('hungary', 'rt', 'budapest', 'crisi', 'break', 'refuge'), T, F) 
dev.off() 
 
png(file = "figs/romania_world.png") 
par(mfrow=c(1,3)) 
#layout(matrix(c(1, 2, 1, 2, 1, 2), nrow=2), heights=c(1, 1)) 
#par(mfrow=c(2,3)) 
#plot.new() 
#text(x=0.5, y=0.5, "Romania: Before Crisis") 
#plot.new() 
#text(x=0.5, y=0.5, "Romania: Crisis") 
#plot.new() 
#text(x=0.5, y=0.5, "Romania: After Crisis") 
make_wordcl(data[Searchterm == "romania" & c_begin == F & c_end == F, textdata], 25, 10, 
            c('romania', 'rt', 'din', 'di', 'dog', 'b', 'strai', 'fire', 'h'), T, F) 
make_wordcl(data[Searchterm == "romania" & c_begin == T & c_end == F, textdata], 25, 10, 
            c('romania', 'rt', 'din', 'di', 'dog', 'b', 'strai', 'fire', 'h'), T, F) 
make_wordcl(data[Searchterm == "romania" & c_begin == F & c_end == T, textdata], 25, 10, 
            c('romania', 'rt', 'din', 'di', 'dog', 'b', 'strai', 'fire', 'h'), T, F) 
dev.off() 
 
######  
### additional to do:  
######  
## do a pseudo-lda: just get tweets which contain words like 'tourism' of 'refugee', and check the sentiment there 
 
## find the tourism words : 
## remove the news agencies tweets 
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tourism_words <- c('travel') 
refugees_words <- c('refuge', 'migrant', 'border', 'polic', 'close') 
 
y <- rep(F, dim(data)[1]) 
for (i in 1:(length(tourism_words))) { 
  x <- data[, grepl(tourism_words[i], textdata)] 
  y[y==F] <- x[y==F] 
} 
data[, group_tourism := y] 
 
y <- rep(F, dim(data)[1]) 
for (i in 1:(length(refugees_words))) { 
  x <- data[, grepl(refugees_words[i], textdata)] 
  y[y==F] <- x[y==F] 
} 
data[, refugees_words := y] 
 
###### 
### save the file 
###### 
 
#save(list = ls(), file = 'data/output/working.RData') 
#load(file = 'data/output/working.RData') 
 
 
 


