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ABSTRACT

Given the tremendous growth of social media platforms, people have been actively spreading not only information
in general, but also political opinions. Many research efforts have used social media content to analyse and predict
the public opinion towards political events. This work presents an analytical study for measuring the political
public opinion towards the Palestinian-Israeli conflict by using Twitter data. The study uses a novel data analysis
model that leverages two levels of analysis: country-level analysis and individual-level analysis. The country-level
analysis aims to explore the country's overall attitude towards Palestine by: 1) Identifying counties that generated
the most topic-focused tweets, 2) Measuring the friendliness of each country towards Palestine. 3) Analysing the
change of sentiment over time. The individual-level analysis aims to analyse data based on the activity and
background of individuals. The attitudes of opinion leaders and ethnic groups were analysed and discussed in
light of countries' attitudes.

The rich experience provided in this study through the proposed model for multi-level analysis, the step-by-step
procedure, the variety of analysis techniques and the discussion of results can be informative for other developers
and data analysts who are interested in analysing social media sentiment about political conflicts in particular.
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1. INTRODUCTION

With the dramatic rise of social media in the past decade, millions of people express their views on a
great variety of topics. This has dramatically increased the data available to mine social media platforms,
such as Twitter, for information about how people think and feel. Identifying the public opinion towards
political issues is essential to shape the international policies, alliances and positions. Governmental
officials should pay attention to public opinion to decide how to act. Opinion polls have been the
standard mechanism for collecting public opinion. However, polls have several problems that have been
reported in the literature [1]-[2]. They often use samples of small sizes or non-representative samples
that may result in inaccurate findings. Unclear, biased or emotionally charged questions will produce
misleading answers and weaken the accuracy of the results of a poll. In addition, the results of opinion
polls are perspective as their findings apply only at the time the questions were asked. However, the
public opinion towards a particular issue is likely to fluctuate over time based on recent updates. Finally,
with polls it is difficult to perform fine-gained analysis or to understand the subjectivity and the
motivations behind the public opinion. All the aforementioned limitations make opinion polls not very
reliable and there is a need for other mechanisms to capture the public opinions.

Social media platforms have grown explosively over the past decade. People from all over the world
have been using them extensively to express their views and discuss topics of interest. The large number
of users, the variety of discussed topics and the massive volumes of posted content have made social
media a rich source to understand and predict the population attitudes. Mining social media for political
opinions may provide a faster and less expensive alternative to traditional polls.

Numerous research works have explored the mining of social media to analyse or predict political
opinions [3]-[5]. However, these works were mostly event-specific and used techniques relevant only
to the issue being investigated. In addition, most studies relied on sentiment analysis that primarily aims
to predict the user feeling rather than the political opinion. In politics, judging a sentiment depends on
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the side you stand by regardless of the user's emotions. Thus, the same idiom may be interpreted
differently based on the context. For example, the idiom: "I feel sorry for the Palestinian people®"
conveys a feeling of sadness and sympathy, thus may be classified as "negative" by a conventional
sentiment analyser, despite that it carries a positive attitude towards the Palestinian case. Similarly,
expressions that evoke a positive emotion towards Israel, such as "I love Israel" should have a negative
polarity from the perspective of Palestine. These examples show that the conventional sentiment
analysis that is based on feelings or emotions may be inadequate for inferring political attitudes that are
based on a specific understanding of what is "positive" and what is "negative". In addition, few studies
[6]-[7] have used social media to explore the public opinion towards the Palestinian-Israeli conflict and
the majority have used statistics to analyse existing situations rather than making predictions about the
public attitudes.

In this paper, we propose an analytical study that uses a sample of Twitter text data in English to measure
and analyse the political public opinion in several countries around the world towards the Palestinian-
Israeli conflict. The proposed approach builds on a data analysis model that leverages two levels of
analysis: country-level analysis and individual-level analysis. Several types of analysis are used under
each level, each of which aims to provide an insight into a particular aspect. The aim is to provide more
in-depth analysis that leads to a better understanding of the public opinion. This work demonstrates,
through a realistic case study and a step-by-step procedure, how different data mining techniques, such
as sentiment analysis, time-based analysis and opinion leaders analysis can be used to gain deeper and
more fine-grained insights. We believe that the proposed analysis model can be adapted and reused for
similar studies, especially those focusing on sentiment analysis of social media content about political
conflicts.

2. RELATED WORKS

In the past decade, a growing number of studies have used data from Twitter to monitor sentiments for
the purpose of tracking trends in politics, economy and public opinion [8]-[9]. In general, these studies
can be classified into three research areas based on the purpose they used sentiment analysis for [1],
[10]. The first research area concentrates on predicting real-world continuous values by analysing
sentiments in social media, such as predicting stock market values. Several studies in this area have
reported a notable improvement in prediction results when incorporating sentiments [11]-[13]. It is
noteworthy that the focus in these studies was on emotive sentiment; i.e., mood states, rather than on
polar sentiment (positivity, negativity) which is popular in politics.

The second area is result forecasting. A popular example is the predication of election results. Twitter
has been used increasingly in the past decade to forecast the public opinion in the events of elections
[3], [14]-[16]. Researchers in this area have focused either on determining current levels of support
toward political actors or on predicting support in upcoming elections. However, they often had different
opinions about the reliability of social media mining as a prediction tool in the time of elections. Some
studies tried to validate sentiment measured from Twitter by comparing it with the public opinion
measured from polls [4] or by comparing it with the final election results [1]. These studies reported
high correlations between actual and predicted results and confirmed the potential of social media in
predicting political views. In contrast, other studies underestimated the prediction based on social media
due to many flaws, such as the untrustworthy content, the negligence of demographics, the non-
representative sample and the inaccurate ways used to validate results [15], [17] . Overall, studies from
both sides have supported the use of social media mining as a supplement for traditional polling.

The third related area is event monitoring, where the aim is to analyse the social media reactions to
specific events. These events could be election debates [18]-[20], campaigns [3], [21] or any political
event affecting the public opinion [7], [22]. Many works in this area focused merely on using sentiments
of tweets to understand their relationships to the event of interest [3], [23]. Other works tried to enhance
the sentiment analysis by combining it with other factors, such as the retweet behaviour [24], hashtags
[25], the opinion leaders' behaviour [26]-[27] and contextual information, such as geo-location, temporal
and author information [28]-[30]. In general, the previous studies concluded that Twitter proved to be
an effective source of data for monitoring and assessing the public reaction associated with important
events.
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The work in this paper falls under the third area, as it aims to characterize the international public attitude
towards the Palestinian-Israel conflict in terms of Twitter sentiment. It builds on the methods used in
the literature and contributes in providing in-depth tracking of public opinion at multiple levels: the
country level and the individual level.

When it comes to the Palestinian-Israeli issue, very few studies have exploited social media content to
capture patterns or trends related to the ongoing conflict [6], [7], [31]. These studies, however, relied
solely on systematic statistical reviews rather than on data mining or sentiment analysis. In addition,
they were published in the domain of politics, where the focus was on the findings and implications
rather than on the underlying technology. Although our findings may complement those of previous
studies, the emphasis of this work is on describing the used approach and techniques.

Several efforts showed an interest in the online sentiment analysis to predict the result of elections and
monitor political events. Tumasjan, Sprenger, Sandner and Welpe [2] presented the first attempt to
investigate whether Twitter validly mirrors the German election results. They analysed about 100,000
political tweets identifying either a politician or a political party and used LIWC2007 [32] tool for
extracting sentiment from the tweets. Burnap, Gibson, Sloan, Southern and Williams [33] used Twitter
to forecast the outcome of 2015 UK general elections. They used an approach that incorporates
sentiment analysis and prior party support to generate a forecast of parliament seat allocation. Ceron,
Curini and lacus [34] and Ceron, Curini and lacus [35] attempted to analyse several elections in Italy,
France and the US and showed that a supervised learning method developed by Hopkins and King [36]
does a good job of explaining fluctuation in party or candidate support in various contexts. However,
the previous works put emphasis on using emotional states to identify user preferences and did not
examine the influence of other factors, such as individual characteristics, geo-locations and opinion
leaders.

Besides the sentiment analysis of Twitter data, some efforts tried to incorporate other sources of user-
generated media. For example, Le, Boynton, Mejova, Shafiq and Srinivasan [37] studied Twitter
communications around the 2016 U.S. elections and implemented computational methods for tracking
political discourse about party, personality traits and policy on Twitter. O'Connor, Balasubramanyan,
Routledge and Smith [4] investigated the people’s remark measured from polls with opinion measured
from microblogging sites. They used time series to assess the population's aggregate opinion on a topic
and measured correlations to several polls conducted during the same period of time. Marozzo and Bessi
[38] presented a study analysing the polarization of social network users and news sites during political
campaigns characterized by the rivalry of different factions. They performed temporal analysis to
monitor the changes of polarization during the weeks preceding the vote. Martin-Gutierrez, Losada and
Benito [39] analysed temporal series and interaction networks corresponding to two Twitter datasets
downloaded during the Spanish electoral campaigns of 2015 and 2016 in order to identify recurrent
patterns of user behaviour. Cody et al. [40] studied the sentiment surrounding climate change
conversation on Twitter and used temporal analysis to observe how sentiment varies in response to
climate change news and events. Our work also extends the sentiment analysis by using temporal
analysis and incorporating multiple factors. It also analyses the influence of each factor on the overall
public opinion. However, it has a different objective as it focuses on the Palestine-Israeli issue.

The contributions of this work reside in the following: First, it proposes a multi-level model of analysis
that leverages multiple factors at both group and individual levels and employs computational methods
to perform fine-grained analysis of public opinion. This is different from most of the existing efforts
that focused solely on sentiment analysis or used a certain type of features. Second, the work discusses
the special considerations for political sentiment analysis and demonstrates, through an experimental
study, that sentiment analyses that are based on emotional states may be inadequate for inferring political
polarization. We believe that the detailed procedure and computational methods reported in this work
can be informative to data analysts and practitioners in investigating political conflicts in particular.

3. OVERVIEW OF THE PROPOSED APPROACH

The overall approach used to undertake this study is depicted in Figure 1. It consists of the following
steps: data collection, data pre-processing, political sentiment analysis and feature extraction and
analysis. The following sections start by describing the data analysis model consisting of two levels of
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analysis: country-level analysis and individual-level analysis. The features that should be extracted to
realize the proposed model are also described.

Afterwards, a case study that utilizes the proposed model to analyse the international public opinion
towards the Palestinian-Israeli conflict is presented in detail. Data collection and pre-processing steps
are described, highlighting the considerations we took to assure that the collected data will not lead to
invalid or biased results. At the core of our approach resides the sentiment analysis step. The paper
reports on the experiments conducted to compare several sentiment classifiers and to train and evaluate
our own sentiment classifier.

The sentiment analysis step is followed by feature extraction, in which several features are extracted or
derived from the inferred sentiments. Extracted features are then used to carry out the analysis at both
country and individual levels. Finally, results are presented and discussed.

Data Collection
A4
Data Pre-processing
A4
Political Sentiment Analvsis
A4

Feature Extraction

A4

Data Analysis

Country-Level Analysis Individual-Level Analysis

AV AV

Topic-focused Tweets Friendliness of Opinion
Leaders

Country's Friendliness

Influence of Individual's
Time-based Analysis Background

Figure 1. Approach for analysing public opinion towards the Palestinian-Israeli conflict.

4. DATA ANALYSIS MODEL

The data analysis model consists of two levels of analysis as shown in Figure 1. These levels are
explained as follows:

4.1 Country-level Analysis

The purpose of the country-level analysis is to explore the country's overall interest in and attitude
towards the political issue being studied. Country-level analysis is done through the following:

- ldentifying counties that generated the most tweets related to the political issue; i.e., topic-focused
tweets. The aim in our case study is to determine countries that show, on Twitter, the most concern
about and awareness of the Palestinian-Israeli issue regardless of sentiment. Thus, tweets are
counted per country, while sentiment scores are ignored.

- Measuring the friendliness of each country towards Palestine: Friendliness of a country indicates
the level of support and sympathy it shows towards one side and can be determined from the
polarities of tweets. In this study, friendliness is defined from the perspective of Palestine, so that
positive and supportive attitudes towards Palestine lead to high friendliness rates. In contrast, views
opposing the Palestinian side or advocating for the opposite side yield low friendliness rates.

- Analysing data across time to investigate how the public opinion changes over time.
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4.2 Individual-level Analysis

The individual-level analysis aims to analyse data based on the activity of individuals and their
backgrounds. This is performed through the following:

- Capturing the attitudes of opinion leaders. The term "opinion leader" refers to an active user on
social media who has a large number of followers and can influence the opinions and behaviours
of others [41]-[42]. Identifying opinion leaders is crucial to promote behaviour change or to identify
subjects that are of high interest to people [43]. Measuring the attitude of opinion leaders towards
political issues is important, because they reflect large sectors in their communities.

- Capturing the individual's characteristics: The individual's background or characteristics, such as
nationality, religion, ethnicity and gender, may influence his/her political stance. For example,
women are likely to stand in favour of issues pertaining to women rights and Arabs and Muslims
are more keen to support the Palestinian rights. Identifying these characteristics from social media,
where possible, will help better understand the motivations behind the public opinion. However,
deciding which characteristics to capture and analyse is case-specific and depends on the objectives
of the case study. For example, this work sought to measure the influence of the individual's
ethnicity on the public opinion and the potential relationship between the ethnicity of users and
their perceptions of Palestine.

5. EXTRACTED FEATURES

To achieve the data analysis model as explained above, several features need to be extracted from the
collected tweets. These features are as follows:

- Polarity: Polarity is the sentiment score of the tweet, which determines the classification of the
tweet (e.g. positive, negative or neutral). Polarities of tweets are measured by using the sentiment
analyser. Other features will be derived from the polarities of tweets.

- Friendliness: The friendliness of a country is measured by calculating the average polarity of tweets
posted by users in the country. Similarly, friendliness of an individual is the average polarity of
tweets posted by the individual. To compute the average polarity, we interpreted the three sentiment
values: positive, neutral and negative into +1, 0 and -1, respectively. Then, the friendliness for a
country F. is computed using the following equation:

F,= ZPola;ity(ti) % 100 (1)
where, n is the number of tweets attributed to the country c. t; is a tweet posted from the country c.
The friendliness score ranges between -100 and +100, where +100 denotes the maximum
friendliness value.

- Leadership: This feature is used to identify opinion leaders. Different metrics have been used in
the literature to identify opinion leaders [42], [44]. In this work, Twitter users in each country who
have the most number of followers are treated as opinion leaders.

- Individual's characteristics: In this study, the aim is to identify the individual's ethnicity from the
user's name or nickname and then to analyse the influence of inferred ethnicities on the public
opinion.

6. DATA COLLECTION

Twitter's public API is a streaming API offered by Twitter for collecting tweets. Although it has been
widely used in the literature, it has a drawback in that it provides only 1% or less of its entire traffic,
without control over the sampling procedure, which is likely insufficient for accurate analysis of public
sentiment [45]. Instead, we used a Twitter search analytics and business intelligence tool called
Followthehashtag [46]. Followthehashtag enables searching for tweets over a specific period of time.
We first used Google Trends® to find top search keywords used in Palestine and Israel that are related
to the Palestinian-Israeli conflict over the year 2016. Then, we selected keywords that represent the

(1) Google Trends, https://trends.google.com/trends/?hl=en
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opposite views of the two sides of the conflict in order to avoid biased results. Examples of selected
keywords include: Palestinian-lsraeli conflict, Israeli occupation, Apartheid wall, settlements, Gaza,
West bank, Judea and Samaria, Jerusalem, Palestinian terrorism and suicide bombings. Finally, we used
these keywords to perform a query-based search to collect tweets related to the conflict that were posted
during the year 2016.

In total, 178,524 tweets were collected. These tweets were posted by approximately 48,531 users during
the period from Dec. 20 2015 to Dec. 31 2016. We think a period of one year is sufficient to explore the
political trends on Twitter and to perform time-based analysis, since many related studies used equal or
shorter periods (e.g. [1, 2, 5, 31]).

The following information was retrieved for each tweet: the tweet's text, the username and nickname of
Twitter user, date and time of posting , country and place of origin, number of followers of the tweet's
author, number of users followed by the author and hashtags. Most of these tweets were from the US,
UK, Canada, Australia, Finland and some other European countries. 89.78% of the collected tweets
were in English. Table 1 shows statistics about the collected tweets. The whole dataset can be found on
the following link: https://github.com/odahroug2010/2017.

Table 1. Statistics about collected tweets.

Total# of tweets 178,524
S | Number of users 48,530
& [ Duration Dec. 20 2015 to Dec. 31 2016
E’ English tweets 89.78%
é Retweets 7948
g Avg. no. of words per tweet 12.74

Standard Dev. of words 5.002

No. of countries 174

US, UK, Canada, Australia, Finland and other

c Top sources of tweets European countries
g No. of tweets with unknown sources | 28156
E’ No. of retweets 7948
é Min. tweets by country 24
g Max. tweets by country 27490

Avg. tweets by country 777.88

Standard Deviation 3363.68

7. DATA PRE-PROCESSING

Tweets often have special characteristics that make their pre-processing different from that of ordinary
texts. Tweets are of limited length (140 characters at most) and may contain special texts, such as
hashtags, URLs, emoticons and usernames. For the pre-processing of tweets, we used the approach
depicted in Figure 2, which consists of the following steps:

- Filtering: Collected tweets were filtered by: 1) removing non-English tweets: 10.22% of collected
tweets were written in non-English languages and thus were excluded, 2) removing tweets with
unknown resources: 28156 tweets in total did not have countries of origin. These tweets were
excluded, because they are out of the scope of our analysis, 3) removing re-tweets: 7948 of tweets
were retweeted and these were excluded from the dataset, so that only original tweets are counted.
124,174 tweets remained after the filtering step.
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Filtering

Remove non- Remove tweets with Remove re-
English tweets unknown sources tweets

Tagging & tokenization

V4

Cleaning (remove username, stop-words, URLs, ...)

V4

Normalization of emoticons

V4

Spell check & correction

Figure 2. Pre-processing steps of tweets.

Tokenization and tagging: As Twitter allows users to write short texts only, tweets often come with
a special grammar and abbreviations, so that users can convey the messages with least possible
words. Traditional tokenizers and POS taggers may be inadequate for pre-processing tweets and
there is a need for alternatives that can recognize tweet's tokens, hashtags, emoticons and URLSs.
We used a text processing library called ArkTweetNLP to tokenize and tag tweets [47]. The library
was developed specifically to handle informal and online conversational text including various non-
standard lexical items and syntactic patterns.

Cleaning: Twitter users prefer to use symbols and non-standard language in their tweets. Many of
the used symbols may be irrelevant and thus should be excluded to avoid an incorrect result when
applying the sentiment analyser. In our approach, tweets were cleaned by removing the following
parts: usernames, numeric expressions, punctuations, URLs and stop-words that are unlikely to
affect sentiments. These parts were recognized from the tagger applied in the previous step.

Normalization of emoticons: Emoticons are important for sentiment analysis; thus, their meanings
should be preserved and they should not be removed from the tweets. In our approach, we used a
special dictionary that contains the most used emoticons and their meanings in English [48]. This
dictionary was used to replace each emoticon with its relevant meaning. These examples show that
conventional sentiment analysis that is based on feelings or emotions may be inadequate for
inferring political attitudes that are based on a specific understanding of what is "positive" and what
is "negative".

Spell check and correction: Tweets may contain incorrect or miss-spelled words and this will affect
the result of sentiment analysis. This step manipulates these words by using a spell checker and
substitutes them with correct words. Jazzy Spell Checker [49] was used for this step. As an example
of the output of this step, a tweet like "I looove palestin. Happi to visit it" will be corrected to "I
love Palestine. Happy to visit it".

8. SENTIMENT ANALYSIS

Sentiment analysis is the core step to identify attitudes towards the Palestinian-Israeli conflict. When
sentiments are identified, tweets can be categorized based on different features. Therefore, the results of
subsequent steps largely depend on the quality of sentiment analysis. It is assumed that the tweet is an
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opinion and therefore we need to know its polarity classification, which is positive, negative or neutral.
To achieve this, we used a supervised approach for sentiment analysis.

As mentioned earlier, it is important to emphasize that the sentiment analysis in this work aims to
identify the political stance rather than mere the user feeling. In political conflicts, as in our case study,
the polarity of a tweet should be determined based on the side you stand by regardless of the expressed
emotions. As an example, tweets that show support to Israel are assessed as 'negative' from the
perspective of Palestine even if they convey positive emotions. Although there are several pre-trained
"off-the-shield" tools to perform sentiment analysis, these tools are often trained to identify feelings or
emotions rather than political sentiment and thus they may be inadequate for the purpose of this study.
Therefore, we decided to build our own sentiment classifier by training it on a manually-labelled dataset.
Then, the performance of the classifier will be assessed by comparing it with other pre-trained sentiment
analysers.

Since the collected tweets do not come with predefined sentiments, we decided to pick a sample of
tweets and label them manually with the relevant polarity (positive, negative or neutral). These labelled
tweets will be then used to train and evaluate the sentiment analyser. 1300 tweets (about 10% of the
entire dataset after the filtering step) were chosen randomly and given to two human subjects to label
them separately. In general, the labelling of tweets was done from the perspective of Palestine based on
the following criteria:

- Tweets that include appreciation, praise, glorification or support for Palestine or the Palestinian
issue were labelled as positive. For example, idioms like "Free Palestine™ or "It is called Palestine,
not Israel” are assigned positive polarity.

- Tweets that show solidarity and sympathy with Palestine or Palestinians were labelled as positive.
For example, idioms like "Please donate for the children of Gaza" or ""Save Palestinian children ..."
should be labelled as positive.

- Tweets that contain idioms denoting negative attitude towards "lIsrael”, e.g. "Stop the Israeli
apartheid wall" are considered positive from the perspective of the pro-Palestinian point of view.

- Tweets that show clear support for or sympathy with "lIsrael" were labelled as negative. For
example, idioms like "I love Israel” or "Israel has the right to defend itself" all carry positive attitude
towards "lIsrael" and negative attitude towards Palestine and thus were labelled as negative.

- Tweets that use Israeli naming conventions, such as "Judea and Samaria”, "IDF army" and
"Palestinian terrorists" were treated as negative sentiments, since they adopt a pro-Israel stance.

After analysing labels received from the two subjects and ignoring disagreements, we ended up with
1264 tweets, of which 637 were positive, 543 were negative and 84 were neutral.

Sentiment analysis in this work was carried out using a logistic regression model implemented by
LingPipe [50]. LingPipe classifies texts by using a language model on character sequences and the
execution uses the 8-gram language model. The labelled 1264 tweets were randomly split into two parts:
80% of the tweets (1011 tweets) were used for training and 20% (253 tweets) were used for testing. 10-
fold cross validation was performed.

Table 2 shows the testing results of the trained classifier. Precision and recall values for each class were
calculated by creating the confusion matrix. The matrix shows that the classifier achieved good results
with positive and negative tweets, but the performance was low with neutral tweets. However, the low
performance in case of neutral tweets will have a marginal impact on the results due to the low number
of neutral tweets in general.

The performance of our sentiment classifier was also evaluated by comparing it with other pre-trained
sentiment classifiers that are: Stanford CoreNLP [51], SentiStrength [52] and the pre-trained LingPipe.
These classifiers were chosen, because they are frequently used to analyse the user sentiments on social
media, especially in political events [53-58]. The testing dataset used above for testing our classifier was
also used for testing the other classifiers.

The comparison results are shown in Table 3. Results indicate that our classifier outperformed the other
classifiers significantly. It is also obvious that the performance of the pre-trained classifiers was remark-
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Table 2. The confusion matrix of the trained sentiment classifier.

Label Positive | Label Negative | Label Neutral | Total Predicted | Precision | Recall
Predict Positive | 104 12 2 118 88.1% 80%
Predict Negative | 18 93 3 114 81.6% | 83.8%
Predict Neutral | 8 6 7 21 33.3% 58.3%
oal - Label | 459 111 12

ably poor. This can be attributed to the fact that they are designed to infer polarity based on emotional
states that often contradict with political attitudes. This proves that the traditional sentiment analysis
may be inadequate for inferring political polarization, where the polarity becomes a relative issue
depending on the perspective of the interpreter and the case being analysed.

Table 3. Comparison between sentiment classifiers.

S. No. | Classifier Accuracy Precision | Recall F-measure
1 Stanford CoreNLP 8.1% 30.6% 22.6% 26%

2 SentiStrength 7.9% 42.2% 27.8% 33.5%

3 Pre-trained LingPipe 31.2% 35.6% 30.5% 32.9%

4 Our classifier 80.63% 81.35% 80.61% 81%

The sentiment classifier built was used to measure polarities of 169694 tweets; these are the whole
collected tweets excluding the retweets and the tweets used for training and testing of the sentiment
classifier.

9. DATA ANALYSIS AND RESULTS

The sentiment classifier built in the previous section was used to measure the sentiments of all tweets in
the dataset, excluding those used to build and test the classifier. In total, the sentiments of 122,921 tweets
were measured.

The following sub-sections describe the application of the proposed analysis model, see Figure 1, on
measured sentiments in order to derive the features needed to analyse the international public opinion.
Afterwards, the main findings are presented, discussed and validated where possible. Apache Spark
[59], which is an analytics engine for large-scale data processing, was used to implement the analysis
model.

9.1 Country-level Analysis

The country-level analysis includes three types of analysis: countries that generated the most topic-
focused tweets, friendliness of countries and time-based analysis. Results of each analysis is explained
as follows.

9.1.1 Countries that Generated the Most Topic-focused Tweets

The volume of tweets that can be attributed to each country was measured. At this stage, polarities of
tweets were ignored and the focus was only on counting the number of tweets per country.

Each tweet in the dataset often comes with geo-information that help identify its country of origin. One
attribute is called "country"” and it should be set with the country code. For example, tweets posted from
the UK have the country value "GB". However, the country code may be missing for many tweets and
it can be identified only if it is set in the user profile. Tweets can also have geocoding attributes named
"Latitude™ and "Longitude”. These attributes are set to valid values for tweets posted from devices with
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enabled GPS service. For tweets that have latitude-longitude values but the country value is missing, the
Google maps geocoding service was used to determine the corresponding countries. After assigning
tweets to countries, tweets were counted per country and countries that ended up with a number of tweets
less than 0.1% of the total number of tweets were ignored.

Table 4 shows the top ten countries in terms of the number of tweets concerning the Palestinian-Israeli
issue. Canada, the UK and the US generated the most tweets. This result is expected considering the
high involvement of these countries in the Middle East affairs. The bottom countries were Slovenia,
New Zealand and Austria. Figure 3 illustrates the results on a geographical map. When considering the
number of population, Jersey, Canada and Finland generated the most tweets per capita. The bottom
countries were Nigeria, India and China.

Table 4. Top ten countries in terms of the number of tweets related to the Palestinian-Israeli conflict.

No. Country Country code Focused Tweets
1 Canada CA 27,490
2 United Kingdom GB 23,010
3 United States us 20,125
5 Ecuador EC 9,342

6 Finland Fl 3,654

7 Australia AU 3,125

8 Netherlands NL 2,646

9 India IN 1,445
10 France FR 1,215

E\f; RUSSIA
: *J a (‘uu-r-n(»#..

CHINA

Atlantic
Qcean

Pacific
Ocean

BRAZIL

Indian

No. of tweets (Sum) Ocean

— |
1712.00 27,490.00

Figure 3. Number of tweets per country.

To get insight into the validity of the above results, we compared these results with the corresponding
country indices generated from Google Trends. Google Trends provides a metric called Google index
that indicates the frequency at which people in a country search for the term during a specific period of
time. We used Google index to measure the frequency at which people search for the terms related to
the Palestinian-Israeli issue in each country from the top 30 countries that posted the most tweets
according to our results. The search activity was measured from January 2016 to December 2016, which
is the same period through which the tweets were collected. Our assumption is that the search activity,
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measured through Google index, should be consistent with the tweeting activity during the same period
of time. To make easy comparison, the tweet counts were normalized by log-transform, so that they
become comparable with values from Google index (The log of tweet count is named as Twitter index)

[60]. We plot the Google index as the x-axis and the Twitter index as the y-axis. The result is depicted
in Figure 4.
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Figure 4. Correlation between Twitter index with Google index.

We then measured the coefficient of correlation between the Google index value and the Twitter index.
The result was 0.685, which indicates a strong correlation [61].

9.1.2 Friendliness of Countries

The friendliness of a country is calculated by using Equation 1. It is the average sentiment score for each
country. Tables 5 and 6 show information about the most and least friendly countries; respectively, along
with tweets statistics. Figure 5 plots the friendliness scores for the top twenty countries. Table 6 lists the
least friendly countries.

The top friendly countries were Finland, Brazil and Thailand. The least friendly countries were
Switzerland, Austria and Russia. Of the top twenty countries, Figure 5 shows that only five countries
have friendliness scores over zero, while the rest have below-zero scores. This result indicates that the
public opinion is still highly negative towards Palestine even in the top friendly countries. Several
countries like France, Greece, Nigeria and Italy got close to zero friendliness scores.

Referring to the distribution of sentiments and the standard deviation in Tables 5 and 6, a high
divergence of attitudes can be observed in most countries. For countries like France, Italy and the UK,
the numbers of positive and negative tweets were mostly comparable, while neutral tweets were much
fewer in numbers. This result shows that the public opinion in these countries is highly divided. The
small number of neutral voices also indicates the large polarization in the public opinion towards the
Palestinian issue.

9.1.3 Time-based Analysis

The motivation of time-based analysis is to explore how the public opinion varies over time. Each tweet
in our dataset is associated with a timestamp that specifies when the tweet was posted. Therefore, tweets
can be treated as time series that can be analysed to extract meaningful patterns.

Due to the variations among countries, utilizing the whole volume of tweets for time-based analysis can
result in a large variance. Therefore, time-based analysis was carried out only for the top three countries
in terms of the number of posted tweets. These countries are Canada, the UK and the US.
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Figure 5. Friendliness scores of top twenty friendly countries.

Table 5. Top ten countries in terms of friendliness.

No. | Country ?c\:\f:es"tid Positive | Negative | Neutral | Friendliness | St. Dev.
1 Finland 3,654 3,177 401 76 75.97 0.63
2 Brazil 382 184 118 80 17.28 0.87
3 Thailand 262 127 89 46 14.50 0.90
4 Japan 642 308 272 62 5.61 0.95
5 Netherlands | 2,646 1,182 1,081 383 3.82 0.92
6 France 1,215 440 457 318 -1.40 0.86
7 Greece 820 317 338 165 -2.56 0.89
8 Nigeria 315 104 118 93 -4.44 0.84
9 Italy 577 207 235 135 -4.85 0.87
Islamic
10 Republic of | 218 80 96 42 -7.34 0.90
Iran

Figure 6 shows how the friendliness scores of these countries have changed over the year 2016. It is
obvious that the public opinion in the three countries fluctuated over time and the pattern of change was
similar for the three countries. Friendliness scores were low in the first half of the year, before rising up
to a peak value in June-July. Attitudes then went down again, then went up at the end of September,
before going down again.

To understand these results, we tried to link the time-based changes with the significant events that took
place over the year and that were related to the Palestinian-lIsraeli issue. These events could be
discovered easily by searching the news archives on the Web. The declining attitude in the first quarter
of 2016 may be explained by the stabbing spree that took place in Jerusalem and other Palestinian cities.
A total number of 354 tweets related to the stabbing incidents were tweeted in the three countries during
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Table 6. Bottom ten countries in terms of friendliness.

No. | Country .'I:_S\?g;esd Positive | Negative | Neutral | Friendliness | St. Dev.
1 Switzerland | 381 72 258 51 -48.82 0.79
2 Australia 3,125 754 1,862 508 -35.46 0.84
3 United States | 20,125 4,762 10,203 5,160 -27.75 0.82
4 South Africa | 717 171 370 176 -27.04 0.82
5 E:j:irz:on 257 60 125 72 -25.29 0.81
6 New Zealand | 177 44 88 45 -24.86 0.83
7 Belgium 399 90 186 123 -24.06 0.80
8 Mexico 278 65 131 82 -23.74 0.81
9 Germany 830 225 416 189 -23.01 0.85
10 | Denmark 639 177 322 140 -22.69 0.85

the first quarter of 2016. The rising attitudes towards Palestine in June-July 2016 may be attributed to
the demolitions of Palestinian houses that took place in July 2016 and resulted in the displacement of
dozens of Palestinians®@. In addition, the press releases that accused Israel of forcing Palestinians to
withstand cruel and inhuman conditions at its borders have also grabbed attention during June 2016®®.
In total, 388 tweets were posted in response to the former events in June-July 2016.

Another rise of attitude towards Palestine was observed in September 2016 that can be explained by the
reaction over the death of Shimon Peres, the former Israeli Prime Minister who is seen as a war criminal
by pro-Palestinians®. In total, 571 tweets referring to "Shimon Perez" were tweeted from these countries
during September-October 2016, most of which had positive polarity with respect to Palestine. In
addition, the UNESCO resolution on 12" October 2016 that condemned the Israeli policies around Al-
Agsa Mosque compound also got considerable attention in social media®®. 332 tweets related to the
UNESCO resolution were tweeted from the three countries during October-November 2016.

9.2 Individual-level Analysis
Individual-level analysis aims to explore the attitudes of specific types of individuals. Two groups of
individuals will be identified: opinion leaders and individuals with certain ethnicities.

9.2.1 Influence of Opinion Leaders

Different metrics haven been used in the literature to identify opinion leaders on social networks. Some
of these metrics have utilized the number of followers, interactions and activity, the leadership or social
network analysis [44, 62, 63]. In this work, opinion leaders will be identified by using the number of

@ http://www.aljazeera.com/news/2016/07/israeli-demolitions-displace-dozens-palestinians 160713124336539.html

@) http://www.independent.co.uk/news/world/middle-east/israel-border-crossing-checkpoint-palestinians-west-bank-btselem-
a7106486.html

@ http://www.btselem.org/press_releases/20160727_house_demolitions_in_area_c

®) http://www.independent.co.uk/news/world/middle-east/jerusalem-mayor-palestinians-animals-terror-attack-two-killed-
meir-turgeman-a7355116.html

® https://www.middleeastmonitor.com/20161013-unesco-vote-no-link-between-al-agsa-and-judaism/

™ http://www.aljazeera.com/news/2016/10/palestinians-unesco-vote-al-agsa-compound-161015133808135.html
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Figure 6. Time-based analysis of public opinion in three countries (UK, US and Canada).

followers, so that users with the largest number of followers in each country will be treated as opinion
leaders.

We used the method proposed by Moore and McCabe [64] to identify users with extreme number of
followers in each country. Moore and McCabe's method has been widely used in data analysis to find
outliers in a distribution, whereas an outlier is the number that is more than 1.5 times the length of the
box away from either the lower or upper quartiles. In our approach, opinion leaders are Twitter users
whose numbers of followers are considered as "outliers above the upper quartiles™ based on the Moore
and McCabe's method.

From a total of 38,328 users, 1,794 users were identified as opinion leaders. Table 7 shows statistics
about the opinion leaders, while Table 8 shows the top ten countries in terms of the number of opinion
leaders. The US, Canada and the UK have the majority of opinion leaders; i.e., 59.14%.

Table 7. Statistics of opinion leaders.

Avg. no. of followers per opinion leader 203623.49
St. dev. of followers per opinion leader 89015.57
Avg. no. of tweets per opinion leader 13.76

Table 8. Top 10 countries in terms of number of opinion leaders.

No. Country No. of opinion leaders
1 United States 425
2 Canada 391
3 United Kingdom 299
4 France 95
5 India 61
6 Pakistan 35
7 Finland 31
8 Australia 29
9 Netherlands 23
10 South Africa 22
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Identified leaders were mostly official organizations, such as newspapers, government officials or media
personnel. For example, among the top opinion leaders in the US were Reuters, Bernie Sanders and
Billboard, while among the top opinion leaders in the UK were The Economist, ABC News and United
Nations.

After identifying opinion leaders, the friendliness scores for them were calculated by using Equation 1.
Then, the average friendliness score of opinion leaders in each country was calculated. The standard
deviation per country was also calculated to identify the variance in friendliness of opinion leaders.

Figure 7 shows the results for the top twenty countries in terms of friendliness of opinion leaders, while
Figure 8 shows the standard deviation values for friendliness of opinion leaders.
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Figure 7. Average friendliness scores of opinion leaders per country.
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Figure 8. Standard deviation for friendliness of opinion leaders.

Results show that opinion leaders from Chile, Finland and Brazil had the most favourable views of
Palestine. It is also noticed that countries that posted the most tweets; i.e., Canada, the US and the UK,
are ranked low in terms of the friendliness of their opinion leaders. Looking at the standard deviations,
the variation among opinion leaders increases when the friendliness score is low and vice versa. This
indicates that opinion leaders were highly divided over the Palestinian-Israeli conflict. For example, the
variance is high in countries like Germany and Canada in which the friendliness scores are low, while
the variance is low in Chile and Spain.

Figure 9 shows the friendliness of opinion leaders as compared to the friendliness of the top twenty
countries that generated the most tweets. In general, the attitude of opinion leaders looks consistent with
the attitude of their countries for most countries. However, opinion leaders have a slightly more positive
attitude towards Palestine as compared to the attitude of the public opinion as in the cases of the UK,
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Brazil and Chile. On the contrary, countries like Japan, France and China have leaders with less
favourable views towards Palestine as compared to the country's friendliness score.
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Figure 9. Friendliness of countries vs. opinion leaders.

9.2.2 Influence of Individual's Background

Individuals who share the same ethnicity, race or religion are likely to be sympathetic to each other’s
issues. For example, a large number of Muslim and Arab people living in Europe and North America
provide continuous support to the Palestinian people. Part of this support comes through social networks
in different forms, such as retweet campaigns, hashtags, fundraising and promoted tweets. The positive
attitude of Muslim and Arab individuals is largely driven by shared culture or religious motivation.

The friendliness scores presented in Table 5 show the overall country's attitude, but do not show how
this attitude is influenced by the background of Twitter users or how different groups, such as Muslims
or Arabs, contribute to the public opinion in their countries. Identifying the attitudes of different groups
will be helpful for decision makers and social media activists, so that they can alter their speech and
dialogue according to the needs and motivates of each group.

For simplicity, we decided to classify Twitter users from each country into two groups based on their
names: a group of people who have Arabic or Muslim names (we refer to it as "Arab_Muslims" group)
and a group of people who have other names (we refer to it as "non-Arab_Muslim™ group). One should
note here that the group with Arabic names is not restricted to Arab people, but may include people from
the wider Muslim world, such as Pakistanis, Iranians and Indians. Usernames can give an indicator of
the ethnic or religious group to which a Twitter user belongs. However, the limitation of using usernames
is that some Twitter users may use nicknames not related to their original names.

To identify Arabic names, we used a dictionary of Arabic names that we constructed from®. In total,
828 Arabic names were included in the dictionary, besides the different ways of writing these names in
both Arabic and English. Each Twitter username in the collected tweets was compared with the names
in the dictionary. If the username contains an Arabic name, in either Arabic or English, it is added to the
group of people with Arabic names. Otherwise, it is assumed to be a non-Arab user. After identifying
users with Arabic and non-Arabic names, friendliness scores of each group is calculated.

Table 9 presents the analysis results for the top twenty countries that posted the most tweets. For each
country, the friendliness score is presented along with the friendliness of the "Arab_Muslim™ and
"non_Arab_Muslim" groups. The percentage of tweets posted by each group is also shown. In general,
the contribution of the Arab-Muslim communities was marginal for most countries as is evident from

®)Behind the Name: the etymology and history of first names, https://www.behindthename.com (Last Access: 15/04/2019)
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the small numbers of tweets posted by them. This result is expected, because Muslims and Arabs are
minorities in most surveyed countries.

Users with Arabic names have more favourable views of Palestine. Friendliness was high among Arabs
and Muslims in most major Western countries, such as Canada, the UK and the US. The friendliness
scores were low or even negative in countries like Japan and South Africa. This result does not
necessarily reflect the situation, because the number of tweets identified as being posted by Arabs and
Muslims in these countries was too small to be representative of the entire population.

In general, the positive sentiment of Arabs and Muslims in most countries did not influence the overall
public opinion due the small number of tweets. Apart from Finland, users with non-Arabic names have
negative friendliness scores.

Table 9. Friendliness of user groups for the countries that posted the most tweets.

"Arab_Muslim" group "Non_Arab_Muslim" group
Courtry Name | £ e
Friendliness percentage of Friendliness percentage of

tweets tweets
Canada -24.43 50.76 2.8% -26.65 97.2%
United Kingdom | -13.31 27.51 1.7% -14.01 98.3%
United States -27.04 34.51 0.2% -28.64 99.8%
Jersey -29.16 58.33 0.1% -29.25 99.9%
Ecuador -14.88 7.14 0.45% -14.87 99.55%
Finland 75.97 20.00 0.1% 76.05 99.9%
Australia -35.46 22.64 1.7% -36.46 98.3%
Netherlands 3.82 7.14 1% 3.78 99%
India -19.38 1.10 6.3% -20.75 93.7%
France -1.40 23.08 2.1% -1.93 97.9%
Pakistan -23.89 26.79 21.52% -37.80 78.48%
Ireland -37.38 12.50 0.82% -37.80 99.18%
Germany -23.01 3.33 3.61% -24.00 96.39%
Greece -2.56 9.52 2.56% -2.88 97.44%
South Africa -27.75 -2.70 5.16% -29.12 94.84%
Japan 5.61 0.00 0.31% 5.63 99.69%
Denmark -22.69 4.55 3.44% -23.66 96.56%
China -9.12 3.09 15.25% -11.32 84.75%
Italy -4.85 20.00 2.6% -5.52 97.4%
Indonesia -16.31 14.29 2.7% -17.16 97.3%

10. CONCLUSIONS AND FUTURE WORK

This research proposes an approach for political sentiment analysis at both country and individual levels.
The approach was implemented to explore the international public opinion towards the Palestinian-
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Israeli conflict by using Twitter data. A dataset consisting of 178,524 tweets posted during 2016, was
collected and pre-processed. The polarities of tweets were first measured by using a sentiment analyser
that was specially trained to identify the sentiment about Palestine. Several features were then extracted
and analyzed to provide a deep insight into the public opinion.

There are many directions to extend this work in the future: First, we aim to use a larger dataset of tweets
that span over several years. This will likely generate more reliable and generalizable results. Second,
we aim to improve the sentiment analyser by training it with a larger volume of tweets. This is crucial,
because the whole analysis is based on the polarities generated by the sentiment analyser. Third, we aim
to explore and use more reliable approaches to identify opinion leaders and individual's background and
characteristics. Forth, we plan to perform content analysis by means of topic modelling in order to
explore what people are discussing with respect to the Palestinian-Israeli conflict.

We think that other researchers, not necessarily from the IT discipline, can also build on these results to
gain deeper insights. For example, the results from this analysis may be compared with the results of
related national polls in order to explore similarities and/or differences.
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