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Abstract

:

The proliferation of social media platforms changed the way people interact online. However, engagement with social media comes with a price, the users’ privacy. Breaches of users’ privacy, such as the Cambridge Analytica scandal, can reveal how the users’ data can be weaponized in political campaigns, which many times trigger hate speech and anti-immigration views. Hate speech detection is a challenging task due to the different sources of hate that can have an impact on the language used, as well as the lack of relevant annotated data. To tackle this, we collected and manually annotated an immigration-related dataset of publicly available Tweets in UK, US, and Canadian English. In an empirical study, we explored anti-immigration speech detection utilizing various language features (word n-grams, character n-grams) and measured their impact on a number of trained classifiers. Our work demonstrates that using word n-grams results in higher precision, recall, and f-score as compared to character n-grams. Finally, we discuss the implications of these results for future work on hate-speech detection and social media data analysis in general.
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1. Introduction


Social Networking Sites (SNS) have been established as an important aspect of people’s lives in modern society, seeping into many aspects of our everyday life, both private and public. The number of worldwide social media users as of February 2019 is equal to   3.484   billion people, which is about 45% of the total world population, representing an increase of 280 million between January 2018 and February 2019 [1]. Only in the UK, approximately 45 million people use some kind of social media platform, and this equates to a staggering 67% of the total UK population. In the United States and Canada, these numbers climb even higher at 70% [2].



The revolution of WEB 2.0, transformed the web content from static into dynamic, which enables users to generate online content. This evolution essentially gave a voice to almost everyone capable of being a part of an online community, thus enabling the expression of opinions. However, as SNS represent the everyday social interactions, the online expression of opinions came along with some side effects, one of the most important being hate speech. Hate speech is often the expression of xenophobia also known as anti-immigration speech, which are quite broad terms. According to Cambridge dictionary [3], hate speech is defined as public speech that expresses hate or encourages violence towards a person or group based on something such as race, religion, sex, or sexual orientation. For the purpose of this paper, we will refer to anti-immigration speech as extreme dislike or fear of foreigners, their customs and their religions. The presence of anti-immigration sentiments both in private and public can be motivated by several reasons with terrorist attacks being one of the extreme examples, however often having profound influence on rising anti-immigration sentiments [4]. Politics is another influencing factor, which not only can spark debates about immigration, but also openly display anti-immigration attitudes. Such examples include the 2012 UK Home Office hostile environment policy [5] and the BREXIT campaign [6]. However, it appears that not only political issues can be associated with anti-immigration discourse. The recent outbreak of Coronavirus in China has led to many cases of xenophobic attacks both in real-world and online, where often discourse crossed the thin border between being concerned about own safety and anti-Chinese sentiment [7].



A common theme among such events is that they trigger an intense public debate, which in modern times often takes place in cyberspace, usually through social networks. This leads to privacy concerns, as harvesting user-generated data has become almost effortless, especially concerning public social networks, such as Twitter, which, on one hand, distributes its data freely via Application Programming Interfaces (APIs), and on the other hand seems to treat private data as a valuable asset, by providing paid premium access to its APIs that can enhance data mining capabilities. The availability of user data in combination with provocative events, motivated several academic studies. For example, hate speech on Twitter was examined during and after the most recent US election campaign, using a significant corpus of Tweets originating from US users [8], along with 50 million Facebook accounts [9]. Williams & Burnap [10] analyzed hate speech on Twitter in the aftermath of a terrorist attack in London, focusing on the propagation of hate, showing changing presence of hateful messages over time, as well as depicting event-related Twitter traffic per geo-location. Basile et al. [11] examined both English and Spanish Tweets for anti-immigration rhetoric without focusing on any specific country. UK-based xenophobia has also been researched previously focusing on the Polish minority; however, the data were collected via interviews with individuals rather than online discourse [12]. Another study, analyzed real public Twitter data, limited to anti-Islamic hashtag-related rhetoric [13].



Our work differentiates from previous approaches, as it leverages the bespoke data mining capabilities to investigate the expression of online users’ opinions, by crawling and analyzing a dataset of publicly available Tweets with a focus on anti-immigration/xenophobic opinions. In comparison to previous approaches, we gain a broader view of the problem by leveraging the geo-location feature to obtain data from three English speaking countries (UK, USA, and Canada), which had a rise to anti-immigration rhetoric, to create a diverse dataset of immigration-related Tweets. The dataset was manually annotated to capture anti-immigration sentiment. Finally, three classifiers were trained and evaluated to perform hate-speech detection based on two representation methods: word and character n-grams with the TF-IDF approach. Naïve Bayes, Support Vector Machines (SVM) and Logistic Regression were used for classification and performance comparison between encoding/representation methods, i.e., character n-grams vs word n-grams. Additionally, the labeled data were analyzed for the presence of unique lexical characteristics that could be used to distinguish between neutral and anti-immigration rhetoric. Furthermore, hyperlinks embedded in gathered Tweets were also assessed with relation to the publicly available list of malicious domains, to explore whether xenophobic discourse can be associated with the spread of malicious links. Through the aforementioned empirical study, a wider problem of users’ privacy on social media was brought to attention i.e., users’ discourse can be gathered and extensively analyzed without requiring their consent.



The contributions of our work can be summarized, as follows:




	
We created a new, manually labeled, immigration-related dataset of publicly available Tweets from three English speaking countries.



	
We explore whether text classification using machine learning is feasible when dealing with a combination of UK, USA, and Canadian English language and different immigration-related topics by practically testing our dataset while using three different machine learning (ML) algorithms.



	
Finally, we measure the impact of different language features on the classification performance, we discuss the implication for hate-speech detection, and provide directions for future studies.








The remaining of the paper is organised, as follows: Section 2 discusses the related work on social media data analysis by considering the related ML techniques. Section 3 introduces our methodology, while Section 4 presents the our results. Finally, Section 6 draws the conclusions and provides avenues for future work.




2. Background


2.1. Social Media Usage Motives


Before we dive deeper into the technical background of our work, we should first identify the motivations that drive people to participate in SNS. Quinn [14] evaluates the social media participation through the Uses and Gratification Theory (UGT) and highlights the gratification that people seek from the use of media. Whitting and Williams [15] conducted an exploratory study with a small group of people, regarding the use of social media through in-depth interviews. The results of their work proved that the majority of people seek gratification through social interaction, information seeking, and passing time while using the social media. Smith et al. [16] explained that social media platforms vary not only in functionality and architecture, but also in terms of norms and culture, with Facebook being more suitable for social interaction as compared to YouTube, which has evolved differently. Kim [17] also supported the latter opinion about YouTube, which, after its acquisition by Google in 2006, transformed from User Generated Content media (UGC) to Professionally Generated Content media (PGC), prioritizing advertisements. Consequently, the platform shifted towards being predominantly an information seeking and entertainment platform, rather than a social interaction medium, such as Facebook. More recently, Khan [18] analyzed what motivates user participation and consumption on YouTube, with regards to uses and gratification framework, and distinguished five main factors that influence user engagement on this platform, namely: (i) information seeking, (ii) giving information, (iii) self-status seeking, (iv) social interaction, and (v) relaxing entertainment.



Smith et al. [16] identified as the predominant usage motive for using Twitter, information sharing in the form of news, opinions, or even complaints. Fundamentally, Twitter has a micro-blogging nature, which allows for a convenient way of posting and viewing short messages (Tweets), which can contain text, photos, videos, audio, as well as clips or links [19]. Selim et al. [20] compared the cultural context of Twitter between the UK and Saudi Arabia and proved that Saudi users appeared to seek distinctiveness, while, for the British users, belonging somewhere was a stronger motive. Williams & Burnap [10] observed that Twitter gave a stand to people to publicly express their reactions to events of national significance. The follow feature encourages user relations to be established, while the use of hashtags associates the Tweet with a topic that can be searched, thus leading to effortless information exchange.




2.2. Social Media and Privacy


The processing of data that are generated by social media users could be deemed as a double-edged sword. One the one hand the profiling that is achieved could enable defenders (such as law enforcement, security analysts, etc.) to identify attackers who are committing or will commit a crime. Nonetheless, at the same time, this profiling technology could be used for mass surveillance of the public, irrespective of whether they are malicious or not, which constitutes a violation of their privacy.



Privacy on social media has been a major concern over the past years with a lot of scandals reaching the public domain due to the privacy breaches of SNS. However, surprisingly, the worldwide participation on SNS continues to grow. One of the main objectives of our work is to emphasize the importance of privacy and raise the user’s awareness on how information posted on social media can be exploited. It should be noted that self-disclosure is an integral part of SNS, and often highly sensitive information is being shared [21]. Tsay et al. [22] focused on Twitter and explained that the exposure to the ubiquitous information exchange, which takes place on SNS, impacts users’ perception of privacy and makes them more tolerant to disclosure practices. If someone takes a closer look at Twitter’s Privacy Policy [23], then it is evident that most user data on the platform is public by default. It should be noted that users are allowed to change their privacy settings, with only a few users being aware of that feature.



In 2009, Utz et al. [24] suggested that SNS users are becoming concerned about privacy, while more recently in 2016 Quinn [14] identified that users are prepared to sacrifice their privacy to meet social objectives. We should not neglect the fact that the nature of SNSs encourages users to actively engage with the platform to acquire social satisfaction, e.g., staying connected with friends [25]. However, the real awakening of users with regards to their privacy and the social media came along with the Cambridge Analytica scandal. Cambridge Analytica, the firm that worked for Donald Trump’s election team and the winning Brexit campaign, harvested 50 million Facebook accounts of US voters, as stated by Cadwalladr & Graham-Harrison [9]. Other sources suggest that the number of gathered accounts was significantly higher, reaching a staggering 87 million [26,27]. The modus operandi of the company was to gather users’ profiles by luring them to do a personality test, profiling them afterwards and sending personalized political messages influencing their voting decisions. Furthermore, the target users’ friends lists were also obtained [9] and Facebook’s open API was used to also gather the full profiles of those lists [27].



Profiling people and creating behavioral patterns for defence purposes is not a new theme. FBI’s behavioral analysis unit interview serial killers to create their behavioral patterns and assist law enforcement [28]. Likewise, social media open APIs were also used in the past way before the Cambridge Analytica scandal emerged for insider threat prediction or detection [29]. Kandias et al. [30,31,32] gathered publicly available data from Twitter and created a taxonomy to classify users based on their usage intensity, Klout score and influence. They were also able to gather YouTube comments and classify them using Machine Learning techniques, determining political affiliation and predisposition to law enforcement. The magnitude of the problem of user profiling seems even more substantial when one considers the broader spectrum of profiling possibilities, which include the analysis of psycho-social traits, such as introversion, social and personal frustrations, divided loyalty, entitlement/narcissism, as well as political beliefs and group dynamics.




2.3. Machine Learning Applied on Social Media Content


A variety of scientific methodologies exist that one can use to analyze social media content, with the most popular relying on Natural Language Processing (NLP) using Machine Learning. NLP corresponds to a range of computational techniques for the automatic analysis and representation of human language [33]. With regards to our work, NLP is utilized to recognize hate towards foreigners in Tweets. However, in the literature, most scientists use NLP predominantly for sentiment analysis often applied on politics. Tumasjan et al. [34] proved that the analysis of political Tweets can reveal the extent that the social media platform is used for political discourse and, even, predict fairly well election results. Other scientists [33], nonetheless, insist that NLP technologies did not evolve as rapid as others, and still mostly rely on word or pattern matching, while trying to ascertain the meaning of text by processing it at the word level.



NLP enables the representation of text as vectors through traditional approaches, such as tokenization or neural language representation approaches (e.g., BERT [35]). Tokenization, the process where a text is split into tokens, i.e., sentences or individual words [36], is one of the fundamental pre-processing techniques associated with NLP. Several other processing features exist and are used in NLP that were proven to yield good results in online discourse analysis, including the bag of words approach (unigrams, where token represents one word), n-grams (where each token represents n-number of words), and character n-grams (where each token represents n-number of characters). The latter technique is useful for spelling variation, which is common in social media studies, e.g., replacing letter s with $ [37]. The aforementioned features are usually combined with more advanced techniques, such as syntactic features, e.g., POS tags where words are tagged with the corresponding part of speech tags (noun, adjective, etc.) [38].



Word generalization is another interesting NLP feature which proves to be useful when there are not enough data for classification (data sparsity), as in the case of Tweets that may not contain enough words for training/test data. Generalization creates clusters of similar words, e.g., apple, pear, can all belong to the same cluster as both are fruits [37], then the cluster itself is used as an additional feature. Another useful feature of NLP is the use of Lexical resources, where especially in hate speech detection, it can be utilized with lists containing negative words e.g., insults. Lists can also be customized to a specific theme e.g., ethnic prejudice. Additionally, more discrete lexical features can be used, such as the number of question marks, punctuation, etc. [38]. Despite the fact that NLP predominantly relies on word level procedures, semantics is becoming increasingly important in NLP systems, where knowledge about the world or the examined topic is applied, providing a knowledge base for the system referred to as common sense knowledge and common-knowledge [33]. Cambria & White [33] distinguish common sense and common knowledge as the difference between knowing the name of an object and understanding the same object’s purpose.




2.4. Detecting Hate Speech and Xenophobia


Studying contextual data in hate speech can be more compelling if the data relates to a pubic trigger event, as defined by Williams & Burnap [39]. In their work, they analyzed Twitter discourse in the aftermath of the murder of a British soldier in 2013, focusing on offensive language concerning race, ethnicity, and religion. Their model combined n-gram hateful terms with n-gram word grammatical dependencies, as well as Bag of Words (BoW), further utilizing supervised machine learning by training and testing the classifier using annotated data and 10-fold cross-validation approach, which provided a less biased estimate. Although a large volume of data was used in the study (450 thousand Tweets), it is unclear whether its quality was verified, e.g., analyzed for Tweet duplicates. The same authors [10] utilized the aforementioned methodology and examined the same trigger event; however, this time focusing on several hypotheses, one of which being that hate speech spikes immediately after such event. Additionally, they proposed a detection approach based on three types of cyberhate: race, sexual orientation, and disability [40]. One of their major contributions was obtaining and running the tests on a large and diverse data set gathered from Twitter immediately after three major events, namely: (a) 2012 Barack Obama re-election, (b) 2013 Jason Collins’ sexual orientation declaration, and (c) 2012 London Paralympic opening ceremony. Their methodology allowed for the classification of not only individual types of hate, but also intersections between each type, creating a blended model, which can recognize offensive language that targets more than one characteristic, such as sexuality and race.



Chen et al. [41] went beyond simple swear word spotting and proposed a more comprehensive approach, namely Lexical Syntactic Feature (LSF), which utilizes a two-phase offensive content detection. The first phase focused on sentence level detection, using NLP in order to obtain syntactic (context) and lexical (offensive words) features. The latter utilized user offensiveness estimation based on the offensiveness of collection of user’s sentences and their language style. Support Vector Machines (SVM) and Naïve–Bayes (NB) were used for classification, thus achieving a detection precision of 98.24%. Kwok & Wang [42] adopted a more straightforward approach to detect hate speech targeting black people on Twitter, using Naïve–Bayes and a bag-of-words model with unigrams (single words), achieving relatively low accuracy of 76%.



Mehdad & Tetreault [43] proved that character n-grams achieve better results than word n-grams in hateful content detection, in three different machine learning approaches: Distributional Representation of Comments, Recurrent Neural Network Language Model, and Support Vector Machine with Naïve Bayes Features (NBSVM). NBSVM with only n-gram features proved to be the most effective, even with comparison to previous studies that used a variety of more advanced features than sole n-grams. The effectiveness of character n-grams in hate speech detection is also supported by Waseem & Hovy [44], who examined racism and sexism in a large corpus of Tweets, employing logistic regression classifier to evaluate which features improve performance. They found that char n-grams along with Tweet author’s gender achieved best scores, outperforming word n-grams. Nobata et al. [38] compared various NLP features, using a supervised classifier and also found character n-grams to be most promising among other features testing two different data sets. Basile et al. [45] made an even more comprehensive comparison of different methodologies, identifying SVM with sentence embeddings as the best performing model for hate speech detection against immigrants in English Tweets.



Assuming that hate speech is usually associated with negative sentiment [37], it seems logical to incorporate sentiment analysis in the detection process. Schmidt & Wiegand [37] pointed out that some studies utilize sentiment analysis as an additional classification method, adopting a multi-step approach as a result. Sood et al. [46] applied the same approach, outperforming previous work at the time in terms of insult and negative content detection. The authors used social site news comments, employing valence analysis (sentiment of a comment) and relevance analysis (relevance to the object being commented, e.g., article, video), further utilizing SVM trained using word stems as binary features to discover insults and another SVM to classify the target that was insulted. Dinakar et al. [47] concentrated on cyber-bullying and harassment on social media emphasizing on sexuality, intelligence, as well as race and culture. They used the model of common-sense reasoning, where common sense concepts are connected in a network of correlations and labeled with a flag, which can represent either positive or negative polarity, demonstrating the limitations of traditional supervised machine approaches in the case of detecting subtle types of abuse.



More recently, Gitari et al. [48] assumed that subjective expression that is present in text can be heavily associated with hate speech. They proposed a multi-step approach, where firstly a distinction is made between subjective and objective expression, later creating a lexicon of semantic, hate, and theme-based features, thus creating a basis for rule-based classifier designed to recognize hate-speech. When compared to Dinakar et al. [47], Gitari et al. [48] reported better results when incorporating semantic reasoning. A different approach was adopted in a recent study by Rodriguez et al. [49], which was focused on the detection of popular topics on Facebook, which can spread hateful expressions. They reported promising results when incorporating sentiment and emotion analysis, further utilizing NLP features to pre-process and group posts by topic using Term Frequency-Inverse Document Frequency (TFIDF) and the unsupervised machine clustering algorithm k-means without including semantic features.



The latest attempts on offensive language detection use Deep Learning techniques. Pitsilis et al. [50] argued that NLP methods used in literature are heavily dependent on the language used. They proposed a different model, where the focus is on additional features derived from Twitter user’s history and privacy settings, which expose their tendency to racism, sexism or neutral. With the use of Long Short-Term Memory (LSTM), which is a type of Recurrent Neural Network, the authors demonstrated that deep learning methods perform better than traditional NLP approaches. However, as their methodology depends on users’ history, it can prove problematic when applied to users without history or users who suddenly shift their behavior to achieve misclasification. Zhang et al. [51] also used LSTM, combining it with Convolutional Neural Networks in order to recognize hate speech, further conducting a comprehensive comparison of results, based on large publicly available datasets. They reported that the model outperforms previously studied methods to a large extent. They also examined how feature selection influences the performance of algorithms (SVM) and found that automatic selection yields better results than manual selection. Badjatiya et al. [52] followed an even more comprehensive approach and experimented with several Deep Learning models, reporting their best results when they combined LSTM with Gradient Boosted Decision Trees and random embeddings where Tweet embeddings were initialized to random vectors.



Several studies have investigated the problem of xenophobia. Rzepnikowska [12] highlighted xenophobic incidents reported by Polish immigrants from Greater Manchester before and after the Brexit referendum in the UK by interviewing individuals. Evolvi [13] analyzed the effects of Brexit on Twitter from the perspective of the Muslim community, while using manual labeling of Tweets and observed that religion was not the only factor influencing negative sentiment, but also politics, ethnicity, and even gender. Siegel et al. [8] studied different political events that occurred in the US, focusing on an estimated rise of hate speech on Twitter during the 2016 presidential campaign and the election of Donald Trump. Their methodology employed a dictionary-based approach, supervised machine learning, and a dataset of over one-billion Tweets, out of which about 750 million related to the presidential campaign and 400 million being random. They revealed that there was no correlation between Donald Trump’s campaign and the rise of hate speech in the US. However, certain hate speech spikes were reported, which were a result of certain announcements (e.g., Trump’s travel ban order) during the campaign and election period. From a different point of view, Florio et al. [53], investigated the Italian Twittersphere and anti-immigration discourse without focusing on any specific political event. The authors utilized Support Vector Machines to automatically detect xenophobic content in a dataset of 15,653 geolocated Tweets. They further compared the results with a database of criminal activity, employment and education trends per Italian country region and found a correlation with hate speech. However, a relatively low score of the model for Recall (52 points) suggests a cautious approach to the bespoke correlation is needed, as low Recall metric indicates many Tweets being misclassified as not hate speech, resulting in high number of False Negatives.



As depicted in Table 1, our work differentiates from all previous approaches, because it aims at detecting anti-immigration rhetoric by using a newly structured dataset from Twitter, which includes: (a) three different varieties of the English language, namely US, UK, and Canadian English that may differ in pronunciation, vocabulary, spelling and grammar; and, (b) diverse political events taking place the time the data were acquired.





3. Methodology


In this section, we first provide a brief description of the data collection and dataset creation methodology. Subsequently, we outline the challenges of creating an appropriate dataset for hate speech detection (Section 3.1). Secondly, we describe our approach to text representation, including the initial pre-processing steps, such as stop-word removal and feature extraction (Section 3.2). Finally, we present our classification models for anti-immigration rhetoric detection in Tweets (Section 3.3).



3.1. Dataset Creation


To create our dataset, we used the Twitter public API, which offers free access to all Twitter data that are generated by users. Recently, Twitter has made a small step towards protecting the privacy of its users by requiring a developer Twitter account in order to obtain the aforementioned information. However, the application process did not create a significant barrier as it is quite simple and straightforward to obtain access.



The data was collected from 1 January to 31 January 2020, and included English Tweets with a specific focus on three countries, namely: UK, USA and Canada. The reasoning for selecting these countries was the substantial amount of immigration debate taking place in those countries during the past few years, often inspired by political events, which may have escalated from day to day lives into social media providing valuable data for analysis. In the UK, Brexit appeared to be predominantly motivated by anti-immigration sentiments [54]. In the USA, the election of Donald Trump gave rise to more heated debates around immigration. Despite the fact that Canada did not go through the same changes involving right-wing politics, it appears that anti-immigration sentiment is rising [55], which again can lead to interesting discourses taking place in Social Networks, with Twitter being one of them.



When considering the fact that a single Twitter API request can return only a maximum of 100 Tweets per searched term, it was important to utilize a variety of keywords instead of a single Immigration term. To achieve this task, a combination of keywords and hashtags were selected that were found to be associated with the topic. Keywords included terms such as migrants, refugees, immigration, and multiculturalism. Hashtags were mostly associated with negative rhetoric towards foreigners and included: #refuggesnotwelcome, #Antiimmigration, #DeportThemALL, #defendeurope. However, neutral hashtags were also utilized in order to make the data more diversified, e.g., #immigration, #refugees. The geolocation feature of the Twitter Search API allowed for obtaining Tweets from several locations in the aforementioned countries. To prevent us from gathering duplicate data, reTweets were excluded from the search and any possible duplicates found later were also removed. This was possible, as each Tweet has a unique identification number and any reoccurring IDs were filtered out. This resulted in obtaining a dataset of 47,976 Tweets.



For the purpose of our work, the data were manually annotated for xenophobic/anti-immigration rhetoric into the following five different labels: (i) Negative, which refers to Tweets containing anti-immigration rhetoric, (ii) Non-Negative in the opposite occasion, (iii) Undecided, where it was not possible to determine the person’s view, (iv) Unrelated in case any Tweet happens to be approximately the same as any of the previous ones, despite removing duplicates previously. This occurred as some Tweets were copies of others with some additional different user mentions or URLs, thus reproducing the same content with minor differences only. The last label we used was (v) Error, which was used in cases that we were not able to process the Tweet content, e.g., in Tweets containing special characters. It is worth clarifying that these Tweets were a minority.



To annotate the dataset we followed principles from Waseem et al. [44]. As such, a Tweet is labelled as xenophobic if it:




	
uses xenophobic slurs;



	
attacks criticizes or strives to discredit an individual or a group that is part of immigrant minority;



	
defends Xenophobia; and,



	
propagates xenophobic hashtags, such as #Antiimmigration, #DeportThemALL.








As a result, a total of 8270 Tweets were annotated, where 2114 were labeled as Negative towards foreigners and 3971 as Non-Negative. Figure 1 summarizes the results of our labeling exercise. To validate the annotations and to ensure that the dataset is reliable, a second annotator labelled a subset of the Tweets (fifty random Tweets) and Cohen’s kappa was used to calculate the inter-annotator agreement (  κ = 1  ).



Dataset Creation Challenges


The challenge with automatic identification of xenophobic discourse on Twitter and, in any other similar source of opinions, is that xenophobia is a very broad term, as already mentioned, referring to dislike towards foreigners. Consequently, a foreigner can be a person from any country in the world meaning that they can be referred to by many names derived from the country of origin e.g., Pole, German, and other ethnic slurs. Additionally, religion is often used to “assign people” to a certain group of foreigners, e.g., Muslims. Previous studies have either focused on narrower groups of people, such as sexual minorities, racial groups or even disabled people, or concentrated on groups with regard to religion/ethnicity [40,44]. Foreigners, as a group, includes several subgroups making the classification task challenging. Therefore, to collect the training data, we focused on more broad terms, such as migrant, immigration, or even refugees, to include as many groups as possible in the set.



Another challenge of our dataset creation activities was grasping the dislike sentiment, which covers a certain scope of language. This ranged from discrete forms of negative opinions to the most obvious ones and the use of swear words. Sarcasm and humor pose another classification challenge, as the classifier would need to be specifically trained on this type of language to yield valid results. As our results suggest, the use of hashtags discloses the true meaning of the Tweets, therefore preserving them in the data pre-processing, while providing additional features for the algorithm.





3.2. Feature Extraction and Text Representation


Tweets and many other user-generated social media messages, include significant amount of noise, i.e., they contain a substantial number of unwanted data that can lead to misclassifications. This include data, such as hashtags, user mentions, or URLs, thus the use of several pre-processing steps is necessary. All of the Tweets were stripped off of any mentions of users, as well as links embedded in the text, by filtering words beginning with @ for user mentions and http for links. Subsequently, all newline characters were replaced with spaces, hash characters were removed from hashtags and all punctuation characters were replaced with spaces.



Next, NLP techniques were applied to create word tokens and remove any stop words, such as and, to, etc. using the Natural Language Toolkit (NLTK) to ensure that the classifier focuses on the relevant features. Tokens were lower-cased and filtered for any non-alphanumeric characters. Finally, the tokens were lemmatized to their root form to limit the number of words representing the same meaning e.g., invaders, invading, invaded have the same root form invade. This way words with similar base meanings can be considered as a single feature by the classifier.



We employed a more sophisticated approach compared to the standard Bag of Words, where single word frequencies are used as predictive features for the classifier. This was achieved by splitting the word tokens created previously into word and character n-grams. In our setup, word n-grams of length one to three and character n-grams of length one to four were chosen, spaces included. The purpose of this model was to evaluate whether character n-grams would outperform word n-grams in detecting anti-immigration rhetoric.



The text was vectorized using the TF-IDF vectorizer (https://scikit-learn.org/stable/modules/generated/sklearn.feature_extraction.text.TfidfVectorizer.html). TF-IDF stands for Term Frequency-Inverse Document Frequency and it operates by providing a score that represents the importance of a word to the document it appears in, based on its frequency in other documents. The higher the value the more important the word is. TF-IDF is calculated, as follows:


  T e r m   F r e q u e n c y ( t ) = ( N u m b e r   o f   t i m e s   t e r m   t   a p p e a r s   i n   d o c u m e n t / t o t a l   t e r m   i n   t h e   d o c u m e n t )  



(1)






  I n v e r s e   d o c u m e n t   F r e q u e n c y ( t ) = L o g ( N u m b e r   o f   d o c u m e n t / n u m b e r   o f   d o c u m e n t s   c o n t a i n i n g   t )  



(2)






  S c o r e = T e r m   F r e q u e n c y ∗ I n v e r s e   D o c u m e n t   F r e q u e n c y  



(3)







Consequently, the greater the number of documents containing a certain word, the less important that word is to the document it appears in. TF-IDF is appropriate for this type of classification because the data was retrieved through keyword searches, such as immigration, thus making highly probable that these would be omnipresent throughout the corpus, both in the Negative and the Non-Negative classes. Therefore, it was necessary to weigh down frequent terms so that more discrete terms could have been highlighted, as these are more indicative of the class they belong to. The training and testing of the supervised classifier were performed using the 10-fold cross-validation approach, which has been used for similar tasks in related literature [44].



Lexical characteristics can be thought of as certain unique features in text-based data, which can be used to distinguish each class of the set i.e., Negative Tweets from Non-Negative. Drawing information from previous literature [38,44,56], we evaluated several lexical characteristics of the same previously labeled dataset. One of our motivations was to discover whether a combination of USA, UK, and Canadian English language, which differs considerably, can have predictable lexical characteristics in Negative and Non-Negative class. This covered a wide range of tests, which are described below. Before running the tests, the data was pre-processed as described previously, where user mentions were not removed, and hashtags were not stripped of the hash character, as this was used to locate them in the dataset. Additionally, words were not lemmatized, in order to retain all different variations and the dataset was not balanced to include all labeled Tweets from both classes. Apart from the aforementioned changes, data preparation was the same.




3.3. Classification Models


Although Deep Learning approaches have been successful in text classification, they require vast amounts of data, which are often unavailable, expensive, and labor-intensive to obtain. Taking this under consideration, it was necessary to work with traditional ML algorithms that have been used in related tasks in the past. Consequently, three popular supervised ML algorithms were chosen that are used in literature for text classification: Support Vector Machines (SVM), Naïve–Bayes (NB), and Logistic Regression (LR) (regularized logistic regression, with L2 regularization (https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LogisticRegression.html)). These approaches have been used for abusive speech detection in previous work. Specifically, SVMs has been previously used for hateful Tweet classification [40], while NB combined with SVM performed very well in abusive language detection [43]. LR was previously utilized for the detection of racist and sexist content in Tweets [44]. Because the dataset was imbalanced, under-sampling was used to keep all Tweets from the smaller class Negative and to randomly choose the same amount from the larger class Non-Negative.




3.4. Testbed Environment


We initially analyzed (Section 4.1) the standard word frequency (illustrated in Figure 2 and Figure 3). The goal was to establish differences in wording between the classes, by selecting 25 most frequent words per class. This threshold was selected, as it was empirically found that the largest variation in word frequency occurs in the top 25 words. The rest of the words in the set appeared to be less indicative of the class that they belong to.



Secondly, we explored the frequency of hashtags present in both classes, as these are very powerful keywords that can convey a substantial amount of information, particularly because they are often used to declare a personal affiliation to certain opinions or groups. Our results suggest that the most interesting and indicative hashtags were present in the top 10 occurrences for both classes; therefore, this was used as a threshold when presenting the findings.



As mentioned previously, different countries can have different causes, often being political, which spark immigration-related debate. Apart from normal words and hashtags, user mentions can also convey some information regarding the topic related to immigration discourse. This phenomenon happens, because political personas can be often brought forward in the conversations through user mentions. Consequently, user mention occurrences needed to be examined. Once again, a threshold of the top 10 was chosen, as this is where the most discrepancies were present, based on our empirical analysis.



Because the Twitter data was geo-located, it seemed compelling to investigate more detailed origins of both Negative and Non-Negative Tweets, especially with regard to cities. Although the Twitter API does not necessarily return Tweets with the exact geo-location details, the Location parameter is often present, which can be utilized to unveil Tweet city/town of origin. The issue was that this parameter is user-defined, therefore it can contain valid, incorrect, general locations (e.g., only Alberta, which is a province in Canada), or it can also be omitted. These limitations hindered the obtaining of comprehensive results, as well as our analysis showed that only a relatively small number of users unveil their real location in our dataset. To identify users that provided city name as their location, a list of 19,709 city names from the three countries was utilized. Additionally, some error correction had to be conducted as some city/town names in the list were the same as country or province/state name, e.g., a city named Florida, which is also a state in the USA. Therefore, when looking at the location parameter such as Tampa, Florida the Tweet could be assigned to two different cities both Tampa and Florida. For that reason, the list had to be stripped from country or state/county names. Similarly, based on our empirical analysis the top 10 terms was used as the threshold.



Another feature that we considered was the length of Tweets and words for each class. Although the total length of Tweets was taken under consideration in the past [44], this could not be used in our work, because the analyzed dataset was imbalanced i.e., number of Tweets per class was different, which would result in biased values. Thus, the length of all Tweets/words for each class were used instead, in order to present differences/similarities between these features through Cumulative Distribution Function (CDF), which has been previously used to represent data in similar tasks [56].



Next, we analyzed the entropy, which refers to a measure of information, sometimes referred to as a measure of uncertainty. Whhen considering word frequency in a text as an example, the highest uncertainty to whether a word will appear is when its frequency is 0.5, which means it has 50% chances of appearing. On the contrary, if the frequency of a word is high or low, there is less uncertainty to whether it will appear (low entropy). Low-frequency word is unlikely to occur; therefore, we are more certain that it will not show up, with the same applied to the high-frequency word, which is more likely to occur. Therefore, entropy is the highest for uniform distributions, e.g., in a text where each word has a similar probability (frequency). In our work the entropy of each word is calculated for both Tweet classes and, as previously, depicted as a CDF. Our objective was to determine which class has lower word entropy, therefore being less random, with our calculations being based on Shannon’s entropy formula.


  H  x  =  −  ∑  i = 1  n   P i  l o g 2  p i   



(4)




where H is the entropy of X and p is the probability of word I (frequency). In our work, the entropy is calculated and presented for each word separately (CDF); therefore, the values are not summed up as in the formula.





4. Results and Evaluation


4.1. Lexical Characteristics Results


4.1.1. Most Frequent Words


The analyses were conducted as described in the methodology section. The first analyzed feature was the most frequently occurring words, which already showed statistically significant differences in terms of the top 25 words used in each labeled class. Figure 2 shows such words in the Negative class, where deport is the most frequent term totaling 1200 occurrences, which represents 4% of the total words in class (inner plot). Our results becomes even more interesting when compared to the second most frequent term immigration, which occurred approximately 300 times and took up only just above 1% of the entire class. The terms country (235 occurrences) and illegal (216) were ranked the 3rd and 4th, respectively. On the other hand, the distribution for the Non-Negative differed significantly. As illustrated in Figure 3, although the term deport appeared as well in this class, it did only on thurd position (i.e., 493 times, 0.8% of the whole class), following immigration, which was the most frequent word (almost 1000 and approximately 1.7% of the class), and immigrant is the second most frequent (i.e., approximately 650 occurrences, thus 1.1% of the class). As expected, the word illegal while used quite frequently in the Negative class, did not occur in Non-Negative Tweets. The results show that the second class had a more uniform vocabulary, where the words are more evenly distributed in the set, which is particularly true for the top 25 occurrences.




4.1.2. Most Frequent Hashtags


We explored the top 10 hashtags for both classes. Table 2 depicts our findings and Figure A1a illustrates the volume for the Negative class, indicating that there were four most omnipresent hashtags, namely: #illegalaliens with 115 occurrences, followed by #deportthemall (88), #banislam (61) and #buildthewall (42). A similar pattern can be observed in the top 25 words for the same class. Very few terms constitute the most common, followed by a sudden drop and almost even distribution of other hashtags. On the contrary, the Non-Negative class again showed a slightly more even distribution, with hashtag #trump being the most common (145 occurrences) followed by #immigration, which appeared almost half as much as the top one (81), #liberals and #senate with occurrences of 49 and 44, respectively ( Table 2 and Figure A1a).



With regards to user mentions our results for the top 10 user mentions for each class are summarized in Table 2 for Negative (Figure A1c) and for Non-Negative (Figure A1d), respectively. Another trend can be observed when compared to the previous results. Here the distribution tends to be slightly more even in the Negative set, which means that a larger group of users was mentioned frequently. Surprisingly, the most common mention in both classes was the same, namely @realdonaldtrump with 92 occurrences in Negative and 116 in the other. Moreover, other political personas were found in both classes such as @borisjohnson in Negative with 52 occurrences and @berniesanders with 20 occurrences.




4.1.3. Tweet Location


Next, four Tweet locations were analyzed identifying the top 10 cities from which xenophobic and non-xenophobic discourse originated. As discussed previously, analysis was quite limited due to Twitter API restrictions. Consequently, the results presented are for a very narrow slice of the dataset; however, they provide an indication to what extent the discourse is focused in certain locations. Table 2 also represents cities from the Negative class (Figure A1e), which, apart from Seattle, Calgary, and Los Angeles, are all in the UK (seven cities). London, despite the fact that it seems the predominant location in terms of volume of xenophobic Tweets (102), the number reflects the 43% of the total Tweets. It is followed by the city of Glasgow, which has 20.6% Negative Tweets (41), while Manchester has 74.5% negative (41).



The numbers from the Non-Negative set were found to be slightly more diversified (Figure A1f). In Table 2, we can observe cities originating from all three countries (US, UK, Canada), again UK cities being the majority (eight cities), with Birmingham ranking first with 192 Tweets, which reflect the 84.5% of the total number of Tweets, followed by Edinburgh (158, which is estimated as 91.9% of the total number of Tweets) and Glasgow (157, which is estimated as 79.4% of the total Tweets). Interestingly, the majority of cities were the same in both sets (six common cities).




4.1.4. Tweet Length


Figure 4 illustrates a CDF representing the results from our analysis, which measures the Tweet lengths in both classes. As the results suggest, a noticeable difference exists in Tweet lengths, as the majority of Negative Tweets are shorter than Non-Negative. 40% of the distribution represents the differences where Negative Tweets had length of 10 or less and Non-Negative 13 or less. Looking at 60% of the distribution Negative had length of 15 words or less and Non-Negative 18 words or less. The inner plot shows averages for Tweet lengths, where the difference can also be observed at approximately 2% between classes with 13% for Negative and just over 15% for the other. Figure 5 illustrates a CDF representing the results for word lengths. No significant differences in word lengths were found and only a very trivial variation can be observed both in terms of CDF and averages (inner plot).



Figure 6 is a CDF representing our findings for each class’ entropy. We observed a statistically significant difference between the two sets, with the Negative class having higher values. The entropy values were very low. Specifically, at 80% of the distribution the Negative class had entropy of 0.0019 or less and Non-Negative had even lower values of 0.0011 or less.





4.2. Classification: Automatic Detection of Hate-Speech


This section presents the classifiers used to automatically detect anti-immigration rhetoric. To assess their performance, the common machine learning metrics were used, namely: Precision, Recall, and F-Score [39]:


  P r e c i s i o n = T r u e   P o s i t i v e s / ( T r u e   P o s i t i v e s + F a l s e   P o s i t i v e s )  



(5)






  R e c a l l = T r u e   P o s i t i v e s / ( T r u e   P o s i t i v e s + F a l s e   P o s i t i v e s )  



(6)






  F − S c o r e = 2 ∗ ( ( P r e c i s i o n x R e c a l l ) / ( P r e c i s i o n   +   R e c a l l ) )  



(7)







In the context of our work, True Positives represent the tweets that have been correctly categorized as elements of anti-immigration rhetoric, while the False Positives are tweets that are misclassified as anti-immigration rhetoric. False Negatives are tweets that are misclassified in the "Non-Negative" class, while containing anti-immigration rhetoric. Precision is the ratio of correctly predicted anti-immigration rhetoric observations to the total predicted, including the false observations. In Precision, True positives (correctly categorized as positive) are denominated by themselves plus any occurring False Positives (incorrectly categorized as positive). Recall is the ratio of correctly predicted ant-immigration rhetoric observations to the all observations that belong in the same class, regardless of whether they were misclassified. Recall can indicate how many Positives were missed. F-Score is defined as the weighted average of Precision and Recall, thus being the harmonic mean between Precision and Recall, and it can be regarded as an indication of a balance between these metrics.



Table 3 summarizes our evaluations with the aforementioned metrics. We indicate with bold the best scores, which are a mean of ten tests conducted using 10-fold cross-validation. Based on our analysis, the best performing model was SVM with word n-grams, achieving the best balance between precision and recall, with an F-Score of 84%. Although NB with word n-grams had the highest precision (i.e., 85%), it had relatively low recall score (79%), thus considerably more xenophobic Tweets were misclassified when compared to other models. The highest recall was achieved by LR with both word and character n-grams (87%).



It appears that, in our dataset in the case of the anti-immigration rhetoric, the word n-grams model outperformed the character n-gram approach. Additionally, the single SVM with words as features outperformed the char n-gram NB combined with SVM from the first baseline by seven points in terms of F-Score and 14 points for Recall. However, it achieved slightly less in terms of Precision, namely 2 points. All of the approaches outperformed the second baseline in terms of F-Score, with the best model scoring 19 points higher.





5. Discussion


The first goal of our work was to successfully classify xenophobic content on social media. Our results suggest that, contrarily to previous studies [38,43], in some cases, word n-grams outperformed character n-grams (i.e., having best char f-score of 83 against 84 for word). This suggests that carefully chosen features, such as specific unigrams, can be useful for the classification of abusive text.



The results provide us with some additional insights. We show that discriminative methods, such as SVMs and LR, are better suited for this task and less sensitive to the underlying features (char n-grams vs word n-grams). Although previous works (e.g., by Waseem) have used character n-grams for such models, for our task, the choice of model seems to be more important than the choice of features. However, when considering a generative model, such as NB, which takes into account the sequence of characters, character n-grams perform better. Essentially, these results provide us with insights regarding feature engineering, which is a very important task when using traditional ML (rather than deep learning, where feature engineering is not needed). It is evident from the results that generative models are less sensitive to characters, whereas discriminative models, such as SVMs and LR, can work well with both. If one considers Precision and Recall, there are differences in scores, i.e., some models are more prone to Type I errors (i.e., False Positive Errors) and some are more prone to Type II errors (i.e., False Negative Errors). The classification scores for the models that have been tested suggest that there is no difference with regards to F-Score, which is their harmonic mean of Precision and Recall. However, we consider that one that is deploying a hate-speech detection engine would opt to select the models that scored higher in our tests in the Recall metric. This holds true, as this would mean that the hate-speech detection engine would have less False Negative, i.e., less Tweets with anti-immigration rhetoric which have been misclassified in the “Non-Negative” class. Such misclassifications could be decreased with the creation of more sophisticated features that consider sarcasm and humor, which seem to be the main reason for their existence. While we anticipate that this would increase the accuracy of the hate-speech detection engine, we consider this as out of scope of this work.



As mentioned previously, the majority of our dataset was obtained using xenophobic hashtags as keywords for the API. Additionally, the results from our hashtags measurements are omnipresent throughout the Negative class. The presence of such hashtags made the classification of xenophobic Tweets easier, and as a result, improved model performance. On the other hand, the TF-IDF approach should lower the importance of frequent terms occurring throughout the documents, which was not true in our analysis due to the variety of such hashtags. Additionally, our work uncovers terms that strongly indicate anti-immigration sentiment and prevail in the Negative class, such as Deport and Illegal, or get, back, and country. Consequently, it can be deduced that the wording for each class exhibits significant differences in terms of most frequent words, a result that aligns with previous study findings [44].



Moving to the hashtags measurements, there were at least six hashtags that can be considered related to xenophobia (e.g., #deport, #stoptheinvasion). However, it must be noted that different variations of certain hashtags were considered as a single feature, as they express essentially the same attitude. For example #Deport and #deport are treated similarly in the context of our analysis. Additionally, as already discussed, the Tweets were searched using keywords, with xenophobic hashtags being one of them. It was also mentioned that religion can be used to assign people to immigration groups, something that can be observed in the results where hashtags representing negative sentiment towards Muslim communities (#bansharia, #banislam). However, the other class favors more neutral hashtags, some of which are related to politics (e.g., #senate), which proves our original assumption that politics can be a major trigger factor in the immigration debate. Surprisingly, even though Donald Trump is often associated with political incorrectness [57], his name (#trump) was the most frequently occurring hashtag in Non-Negative class and did not occur at all in the Negative, despite some of his ideologies being present (such as #maga, #buildthewall). One possible explanation for this was that he was being brought forward in non-xenophobic discourse to criticize him or his agenda.



Political personas were involved in discourse through user mentions. In this case, @realdonaldtrump was found at the top in both classes. This indicates that even though this persona is often invoked in the immigration debate, associating his presence on Twitter with either class is not a simple task, as he appears on both sides of the debate, which is in line with findings from a previous study [8]. On the other hand, British politicians seem to be predominant in Negative Tweets, with @borisjohnson appearing almost three times as often when compared to the other class along with others such as Priti Patel (@patel4witham). Another interesting matter brought forward through our analysis, was the ability to associate real Twitter users with content that they publish and drawing conclusions about their suggested policies towards certain topics, such as immigration. Thus, through such simple processing it was possible to profile users, which has been previously identified as a threat to privacy on Twitter [32].



The geo-location analysis showed that most certainly UK and USA cities dominated the Negative class where only Calgary is a Canadian city. However, the same can be observed in the second class where only Vancouver is a Canadian city and this reflects that Canadian cities prevailed in the Non-Negative class, something that was expected, as Canada was not going through major political events at that period of time. On the other hand, the limitations of this analysis suggest a careful approach to the evidence as our analysis suggests that the use of geographical information as a text classification feature is not feasible, which was previously supported by related literature [44]. Nonetheless London dominated the xenophobic Tweets, whereas it was ranked 6th in the Non-Negative class. This is quite surprising as cities such as London appear to be multicultural and encouraging immigration. However, the aforementioned observation could be challenged by the fact that the cultural differences could manifest themselves in local communities, which may indicate that what we observe in general does not necessarily apply to local communities. If we take into consideration that social media can give voice to almost anyone, such differences can be expressed online, as it can be seen in the results.



The Tweet lengths were in fact smaller for Negative class in most of the distribution, with averages having similar differences. On the other hand, word lengths do not present significant differences, both in terms of overall distribution and averages (slightly higher for Non-Negative), which also confirms the initial expectations. The results suggest that Tweet lengths could be used as features in text classification as they demonstrate differences between classes. One reason that could have affected previous work is the fact that at that time twitter posts were limited 140 characters, which changed in 2017, as compared to today, where there is more room for variance.



Our entropy results indicate that the Negative class tends to be more uniform, suggesting higher entropy. This further indicates that the top 25 words cannot be used to make assumptions for the entire set, as other potentially less frequent words can also have an impact on entropy. Nonetheless, the entropy difference between classes, although small, seems to be present for the majority of the distribution, suggesting a possible use of this characteristic as a classification feature.




6. Conclusions


The political changes seen throughout modern societies have led to heated debates that, along with the availability of WEB 2.0, have been elevated from private level discussions into public debates. These often take place in social media, resulting in the expression of opinions that can be harvested and analyzed. The controversial topics discussed in these debates have often led to the expression of negative opinions with regards to immigrants [45,53] or racial minorities [13]. Such controversial debates, while being disturbing, provide an opportunity to study and better understand mechanisms behind such discourse, which can then be utilized to improve classification methods. They also can raise awareness regarding the absence of privacy on social media, where disclosing antagonistic opinions can have far-reaching consequences, even in form of imprisonment [39].



Our work is an attempt to investigate the presence of anti-immigration rhetoric on Twitter, by providing another insight into the broad field of online content analysis. It differs from previous attempts in related literature because it incorporated a combination of text classification of xenophobic content, along with in-depth analysis of lexical characteristics of such discourse. All of these were feasible through the creation of a new, manually labeled, unique dataset of Tweets, constituted of a compelling combination of UK, USA and Canadian English language. Our model proved that besides the existence of certain language differences in every English-speaking country, accurate text classification can still be feasible. We also studied the lexical differences between xenophobic and non-xenophobic discourse, while emphasizing on the importance of privacy on social media.



The next steps for our work would be to first create a larger dataset by employing expert annotators, which will make Deep Learning approaches feasible. We also plan to test our current model on different datasets offered by the community, providing more knowledge regarding the generalizability of our results. We plan to test other models as well as improving the current model’s features by incorporating more sophisticated semantic features, which could further improve model accuracy. This could allow addressing challenges, such as sarcasm and humor, which are one of the biggest challenges in hateful content classification. Finally, our plans include the exploration of privacy-preserving machine learning methods to minimize the threat of information leakage and promote the privacy of the users.
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Figure A1. Top 10 hashtags, user mentions and cities/towns for “Negative” and “Non-Negative“ classes. 
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Figure 1. Breakdown of the labeled dataset by category. 
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Figure 2. Top most frequent words for “Negative” class. 
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Figure 3. Top most frequent words for “Non-Negative” class. 
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Figure 4. Averages (inner plot) and Cumulative Distribution Function of Tweet lengths for both classes. 
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Figure 5. Cumulative Distribution Function of word lengths and averages (inner plot) for both classes. 
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Figure 6. Cumulative Distribution Function representing text entropy for both classes. 
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Table 1. Comparison of our work with related literature studies.






Table 1. Comparison of our work with related literature studies.





	Paper
	Twitter Data Source
	Diverse Political Events
	English Language Varieties





	Evolvi [13]
	✓
	✗
	✗



	Florio et al. [53]
	✓
	✓
	✗



	Rzepnikowska [12]
	✗
	✗
	✗



	Siegel et al. [8]
	✓
	✗
	✗



	Waseem et al. [44]
	✓
	✗
	✗



	Our work
	✓
	✓
	✓
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Table 2. Top 10 hashtags, user mentions and cities/towns for “Negative” and “Non-Negative“ classes.
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Top 10 Hashtags

	
Top 10 User Mentions

	
Top 10 Cities/Towns






	
Negative

	
Non-Negative

	
Negative

	
Non-Negative

	
Negative

	
Non-Negative




	
#illegalaliens

	
#trump

	
@realdonaldtrump

	
@realdonaldtrump

	
london

	
birmingham




	
#deportthemall

	
#immigration

	
@lbc

	
@mrbrendancox

	
glasgow

	
edinburgh




	
#banislam

	
#liberals

	
@matthewstadlen

	
@berniesanders

	
manchester

	
glasgow




	
#buildthewall

	
#senate

	
@borisjohnson

	
@davidlammy

	
seattle

	
seattle




	
#stoptheinvasion

	
#multiculturalism

	
@patel4witham

	
@youtube

	
birmingham

	
vancouver




	
#americafirst

	
#canada

	
@ilhanmn

	
@patel4witham

	
leeds

	
london




	
#maga

	
#cdnpoli

	
@aoc

	
@borisjohnson

	
calgary

	
bristol




	
#democrats

	
#refugees

	
@potus

	
@sbasdeo1

	
los angeles

	
leeds




	
#deport

	
#democrats

	
@youtube

	
@gop

	
newcastle

	
belfast




	
#bansharia

	
#homealone2

	
@fairimmigration

	
@lbc

	
bristol

	
cambridge
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Table 3. Comparison of classification models.






Table 3. Comparison of classification models.





	Models
	Rec.
	Prec.
	F-Score





	NB word n-grams
	79
	85
	82



	SVM word n-grams
	86
	81
	84



	LR word n-grams
	87
	80
	83



	NB char n-grams
	86
	78
	82



	SVM char n-grams
	86
	80
	83



	LR char n-grams
	87
	79
	83
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