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Abstract

With the COVID-19 pandemic came another issue, known as an, “infodemic”, in which an
overabundance of information regarding the pandemic both truthful and otherwise is released
and spread, often online through social media. The vast amount of information makes it very
difficult for people to distinguish between true and false, leading to a lack of awareness and
understanding of the virus.

Sentiment analysis is a natural language processing technique used to extract emotion from a
text and has been used in the past to distinguish between factual and false information. It has
also been used in machine learning approaches to improve accuracy in false information
detection. This research aims to add to this previous work, by exploring potential statistically
significant differences in sentiment between news reports and opinion pieces that are related
to COVID-19 from news publications. Potential differences across different types of
publication were also explored.

LexisNexis was used to gather a corpus of over 16,000 articles, containing approximately
8,000 opinion pieces and 8,000 news reports from publications in the United Kingdom. The
articles were analysed for positive and negative sentiment using Rocksteady, an affect
analysis tool developed at Trinity College Dublin. This sentiment was analysed for
statistically significant differences by comparing means of different populations of sentiment
data. The research found a statistically significant difference in both positive and negative
sentiment between all news reports and opinion pieces. This finding was consistent across
both tabloids and broadsheets. The research did not find a significant difference in sentiment
across different types of publication.

The research also examined the relationship between sentiment and another linguistic feature,
readability. Readability is a measure of the easiness of a text to read. The research found a
significant negative correlation between readability and total sentiment in both news articles
and opinion pieces related to COVID-19.

The dissertation outlines the motivation and goals for the research, the background research
undertaken, the tools used and methodology implemented throughout the research, and the
results found. The dissertation also includes a discussion of results, an overview of the
limitations of the research and suggestions for future work.
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1 Introduction

1.1 Introduction

This study is an analysis of media sentiment in relation to the COVID-19 virus. On the 31st
of December, the World Health Organization became aware of an unknown disease that had
originated in Wuhan City, China. This would be discovered by authorities in China to be a
new coronavirus and was subsequently named the COVID-19 virus. The worldwide spread
and rise in cases and deaths related to COVID-19 resulted in the outbreak being classified as
a pandemic by WHO on the 11th of March [1].

With this pandemic came a new issue known as an, “infodemic”. According to the WHO, an
infodemic was, “too much information including false or misleading information in digital
and physical environments during a disease outbreak™ [2]. As with any major world event,
this pandemic came with rumours and speculation. These rumours were related to multiple
aspects of the virus, including the origins, the effects, potential treatments and vaccinations.
The spread of these rumours, which often included false information was incredibly quick,
with the use of social media and online news sites. Such vast amounts of rumours make it
very difficult for members of the public to discern between true and false, ultimately leading
to widespread confusion and a lack of understanding regarding the virus. This spread of false
information became so prevalent on social media that platforms such as Twitter and TikTok
attempted to help with the problem. Twitter implemented warning labels to tweets deemed to
contain misleading information regarding the pandemic and expanded this in March 2021 to
include tweets containing false information related to COVID-19 vaccines [3]. TikTok also
applied information banners to videos related to COVID and reportedly had removed around
29,000 videos by July of 2020 due to COVID-19 false information [4].

Many studies have been conducted in order to try and solve the problem of false information,
with the goal of developing a method to automate false information detection. These methods
have included natural language processing and machine learning. While there has been some
success in these techniques, some limitations exist such as the difficulty of generating

datasets containing verified articles and social media posts that have been classified as true or



false. Other studies have looked at different types of datasets including the investigation of
reliable and unreliable sources [5], and factual news reports and opinion pieces [6]. This
study aims to further investigate the potential differences between factual news reports and
opinion pieces through the use of sentiment analysis.

Sentiment analysis is a natural language processing technique used to extract emotion from a
text. It can be used to measure the polarity of a text, i.e. the positivity, negativity or
neutrality. In our context, it can be used to analyse the level of positivity or negativity in a
news report or opinion article. This research aims to examine sentiment in media news

reports and opinion articles to determine if there is a statistically significant difference.

For this research, a corpus of news articles and opinion pieces from publications in the United
Kingdom was gathered and analysed for sentiment. These sentiment scores were then tested
for statistically significant differences. While different types of articles were compared,
different types of sources were also compared. This research also analysed the readability of
the corpus and tested for a relationship between readability and sentiment.

1.2 Research Motivation and Objectives

False COVID-19 information is a huge problem in our society. While the pandemic may end
before solutions can be found to the false information problem, all research into COVID-19
false information is relevant in helping with any future pandemic and the infodemic that will
inevitably come with it. My motivation for this research project was to contribute to the
ongoing research in false information detection, and | chose to do this by examining how
sentiment analysis could be used in order to distinguish between a factual report and
someone’s opinion. This research attempts to determine if there is a statistically significant
difference in sentiment across factual news reports and opinion pieces related to COVID-19,

as well as across different publications and types of publications.



From this motivation I outlined the following research objectives:

- To investigate the difference in sentiment between factual news reporting and opinion
articles regarding COVID-19.

- To investigate the difference in sentiment between different types of news source
regarding COVID-19.

- To examine the potential relationship between sentiment and readability in news
reporting and opinion pieces.

- To contribute to the existing work that aims to automate fake news detection.

1.3 Dissertation Outline

This dissertation is split into 5 different sections. Section 1 introduces the background for this
study, the motivation behind it and the goals for the research. This section also outlines the

dissertation.

Section 2 describes the background research conducted throughout this study and highlights

some previous studies relevant to this research.

Section 3 describes the methodology used in conducting this research. This section has 4
parts, Data Gathering, Data Pre-processing, Sentiment Analysis and Statistical Analysis. Each
of these parts outline the tools used, the steps taken during implementation and any issues

encountered during the implementation.

Section 4 outlines the results obtained during the implementation of the research described in
Section 3. These results include Sentiment Analysis, Statistical Analysis and Readability

Analysis.

Section 5 concludes the dissertation. This section contains a discussion of the results outlined
in Section 4. Limitations for the research are also included in this section, as well as

suggestions for future work.



2 Background Research

2.1 Overview

In this section I will outline the background research conducted. This background research
was conducted in 4 sections. The first section relates to the concept of false information, the
infodemic and the effects it can have. The second section relates to existing work in false
information detection. The third section relates to sentiment analysis and its use in false
information detection. The fourth and final section concerns readability, how it can be
calculated and its relationship to media publications and sentiment.

2.2 Infodemic
2.2.1 Overview

For this first part of my research, I began to learn about the concept of an “infodemic”. As
with any major world event, COVID-19 has been met with a flurry of false information,
which can be split into two categories: disinformation and misinformation. Disinformation is
the deliberate and malicious spreading of false or biased information. Misinformation is the
accidental spreading of false information [7]. Both disinformation and misinformation spread
rapidly through the use of the internet, on social media and in online media. However not all
COVID-19 misinformation stems from online rumour and reports. As of February 2021,
Retraction Watch, a paper retraction tracking website, had listed 70 COVID-19 papers as
retracted due to false information [8]. In a time where new information regarding this

pandemic is released at a rapid rate, it is clear that much of it is incorrect.



2.2.2 Effects of COVID-19 False Information

While false information regarding COVID-19 is spread often, it is also important to
understand what effect this false information has on the public. I therefore began researching

papers that aimed to understand the consequences of COVID-19 false information.

In August 2020, the BBC reported that 800 hundred had died in the first 3 months of 2020
due to misinformation regarding false cures such as methanol and alcohol-based cleaning
products [9]. While it may seem implausible that people would believe in such rumours and
act upon them, studies have shown that people are in fact susceptible to COVID-19

misinformation.

One such study was conducted with the aim of understanding how misinformation affects
public perception of COVID-19 [10]. In this study, 293 volunteers were asked to give their
opinion on the truthfulness of 40 selected news items (some of which were true while others
were false), based on a 7-point Likert scale from “strongly agree” to “strongly disagree”. It
was determined that 47% of the 40 news sources were determined to be fully known, 28%
were determined to be somewhat known, and 25% were not known. The most well-known
sources were mainly noticeably ridiculous lies or very often repeated truths. News deemed
somewhat known was generally controversial news, and unknown news sources were mainly
about either the origins or the effects of the virus. This study was particularly interesting
because it highlighted that false information regarding COVID-19 has had an impact on
people, as they were unaware of the truthfulness of a significant portion of news stories.

Another study [11] aimed to examine this impact by exploring the susceptibility of people to
COVID-19 misinformation, before analysing how a higher susceptibility effects people’s
willingness to get vaccinated for COVID-19, people’s likelihood of recommending the
vaccination to others and finally people’s compliance with public health guidance.

Surveys were conducted in April and May of 2020 in 5 countries: Ireland, USA, Spain,
Mexico and the UK (where 2 surveys were held). They were surveyed on a number of factors
including age, gender, education, political ideology, trust in different entities such as the

government, scientists and journalists, whether they were a minority or not and finally



numeracy level. They were then asked about their level of compliance with health guidance,
whether they would get vaccinated, whether they would recommend a vaccination, their trust
in the handling of the pandemic, their potential risk should they contract COVID-19 and
whether they had heard about recommendations from the World Health Organization on
social media. Finally, they were presented with 9 statements regarding COVID-19 (6 false, 2
true and 1 ambiguous) and were asked to give their opinions on the truthfulness of these

statements using a Likert scale.

The results showed many interesting correlations between people and their likelihood of
being susceptible to COVID-19, the most important for our study being that susceptibility is a
significant factor in predicting a person’s compliance with health guidelines and the
likelihood of a person being willing to be vaccinated and recommend the vaccination to
another person. This was consistent across all surveyed countries. These findings highlight
the relevance of our study, as according to the World Health Organization, poor compliance
with health guidelines reduces the effectiveness of these guidelines and therefore reduces the
ability of a country to stop the pandemic [12].

It was clear to me from these findings that there was a significant issue with regards to false

COVID-19 information and that research should be conducted in order to help combat the

infodemic.

2.3 False Information Detection

2.3.1 Existing Methods

The next stage of my research was to learn more about existing methods of false information
detection in order to better understand how the infodemic could be combatted. | began to

research different techniques for automating false information detection.

A popular approach to false information detection is the language approach. This approach

involves the use of linguistic features to distinguish between false and truthful information.



This approach uses the fact that false information tends to have important linguistic

differences to factual news.

Another significant approach to false information detection is the machine learning approach.
This method involves the creation of classified true and false information datasets that are
then used to train algorithms to detect false information. A study [14] conducted in 2020
attempted to use machine learning methods to detect false information with some success.
They used 3 publicly available false information datasets and evaluated a variety of machine
learning algorithms including logistic regression, support vector machines (SVM), multilayer
perceptron and k-nearest neighbours. The research used existing ensemble learners and
benchmark algorithms such random forest and linear SVM. On the first dataset, the random
forest algorithm and linear SVM performed very well, achieving an accuracy of 99%. The
second dataset’s best performers were bagging classifiers and boosting classifiers, achieving
an accuracy of 94%. The best performer on the third dataset was the linear SVM and the best
performer on the combination of all datasets was the random forest algorithm. What was
most interesting in this research was how the performance of different algorithms changed
from dataset to dataset, highlighting that there is no algorithm that is best used at all times for

all types of false information data.

A literature review conducted in 2020 [15] outlined these approaches as well as outlining
some other potential methods including the topic-agnostic approach that looks at topic-
agnostic features, for example number of advertisements, longer headlines and the presence
of author names, among others. After reviewing all available methods, the study concluded
that a hybrid approach of 2 or more different approaches was essential in detecting false

information.

Learning about the different approaches to false information detection and some of the
attempts made by researchers to develop an accurate method gave me a much better
understanding of the false information problem and provided motivation to contribute to the
work being done to combat this issue. However, while conducting this research | began to

learn about the issues associated with current methods.



2.3.2 Issues with Current Approaches

One of the major issues that comes with these approaches is the creation of a classified
dataset that can be used as training data. However, there have been some attempts to do this.
Fact-checking websites such as Snopes [16], PolitiFact [17] and Reuters [18] can be used to
collect sources that have been marked as true or false, however the number of articles that
could be collected from these sites would not be large enough to create a machine learning
dataset. In 2017, a study by BuzzFeed-Webis [19] created a corpus of 1627 articles that were
manually fact-checked by journalists at Buzzfeed. Another study presented a dataset known
as MisInfoText [20] which attempted to combine as many previously created datasets as
possible. However, there was a large inconsistency across the different datasets in types of
data and how they are fact-checked. The types of data included Facebook posts, articles and
statements made by political figures. They were graded for truthfulness in different ways, as
some were marked on a binary scale of true or false, while others were graded for veracity of

truthfulness, for example true, mostly true, somewhat true etc.

As these datasets are so difficult to generate, different approaches to dataset creation have
been attempted. One study in 2018 by Gruppi, Horne and Adah [5] looked at detecting false
information, not by classifying fact checked articles as true or false, but by gathering articles
from news sources that they had classified as reliable, unreliable and satire. Reliable sources
included CBS News and NPR, unreliable sources included Infowars and Intellihub, and
satirical sources included Glossy News and The Spoof. After identifying statistically
significant linguistic features amongst these 3 types of data, a Support Vector Machine
classifier was used with some success. This method achieved an 85% classification accuracy
among Brazilian sources written in Portuguese, and a 72% classification accuracy for US

sources written in English.

Another method of differentiating between factual and false information is by examining
factual news reports and opinionated pieces. In 2003, a study from Yu and Hatzivassiloglou
[6], was very successful in using machine learning approaches to classify articles as factual
news reports or opinionated pieces. Using Wall Street Journal articles for training and testing,
a Bayesian classifier using lexical information achieved a very high precision and recall (97%

F-measure). This study showed significant differences in how factual reports are written in



comparison to opinion pieces and provided confidence that further research could be done to

examine these differences.

Due to the concerns regarding false news dataset creation, | decided that research into
different methods for distinguishing between false and true information was required.
Findings from the Yu and Hatzivassiloglou [6] study showed that there was precedent to
examine the differences between a piece intended to be a news report and a piece that is
intended to be opinionated, so my research became focused on exploring these potential

differences. The method that I chose to explore was sentiment analysis.

2.4 Sentiment Analysis

2.4.1 Learning about Sentiment Analysis

Before undertaking this project, | was unfamiliar with the topic of sentiment analysis and
therefore | began to research sentiment analysis and its uses.

One of the main papers that helped me learn about sentiment analysis was by Liu in 2010
[21]. This paper aims to outline the problems associated with sentiment analysis, as well as
outlining the methods used in determining the sentiment of a document or sentence. The
paper gave me a better understanding of how document-wide sentiment analysis can be
conducted. I learned that documents can be analysed for sentiment in a variety of ways. One
method involves analysis of the use of terms and their frequency. Another method looks at
the use of opinion words that can be used to express negative or positive sentiment. | learned
from this paper the difference between subjectivity classification and sentiment classification.
Subjectivity classification refers to the classification of a sentence as subjective or not, while
sentiment classification refers to the classification of whether a document or sentence is
positive or negative. While Liu’s paper gave me an insight into sentiment analysis as a topic,
this research project is less concerned with classifying a document or individual sentences as
positive or negative, and more concerned with determining the level of sentimentality in a

text.



| then looked at different studies that used sentiment analysis for other purposes. One such
study was conducted by Ahmad, Daly and Liston in 2011 [22], which looked at political
biases in Irish media publications and the effects it may have on the Irish election. The study
used the Rocksteady system which was developed at Trinity College Dublin. A frequency
count approach was used for affect analysis, with a dictionary look-up determining the
category that a word belonged to. These categories included affect (i.e. how negative or
positive, and strong or weak), domain specific categories (i.e. election vocabulary) and
personal attributes. The affect categories were determined by a general purpose affect
dictionary such as Stone’s General Inquirer Dictionary and the domain specific categories

were determined by a domain-specific dictionary.

The study was very interesting as it demonstrated the use of the frequency count approach
with a dictionary for sentiment analysis, while also showing the ability to use Rocksteady to
conduct this analysis. The studies methods in gathering news articles via LexisNexis and

analysing these articles for sentiment formed the basis of this research’s methodology.

2.4.2 Sentiment as a Predictor

| then began researching how sentiment analysis has been used to detect false information.

Researchers have attempted to use sentiment analysis in the past to try and detect false
information. A study [23] created Naive-Bayes and random forests models using sentiment
scores as a variable and found that adding this column resulted in more accurate detection.
The Naive-Bayes classifier was particularly successful, obtaining an accuracy of 0.807 on a
particular fake news dataset. This study was significant in my research as it gave confidence
that there was potential for sentiment to be a significant factor in distinguishing between fact

and opinion.

Another study [24], used 3 publicly available datasets to test if classified fake news articles
were significantly more negative than true articles. This study found that fake news articles
were in fact more negative than true ones. However, the study acknowledges some issues
with the datasets that may have affected the results of the study. The datasets were created in
2016 and the research was conducted in 2020, and significant changes in writing may have

10



been made in that timespan. Also, the datasets were made using a fake news classifier, and as
a result contained articles that had not been verified by a human as true or false. Despite these
limitations, the study showed that sentiment has been used to distinguish between false and
true in the past and provided confidence that this could be applied to distinguishing between

factual news reports and opinion pieces.

2.5 Readability

2.5.1 Readability Index

Another popular form of analysis of news content is the examination of the readability of a
text. Readability is defined as “the quality of being easy and enjoyable to read” [13]. Itis a
measure of how easy it is for someone to read a text. There have been many different

methods of identifying the readability of a document and as part of my research, | began to

learn about these methods.

One of the most notable methods for determining readability is the Flesch Reading Ease Test,
introduced by Rudolf Flesch in 1948 [25]. This test uses average sentence length and average
syllables per word in a text as variables in a formula to generate a readability score. The score
can be from 0.0 to 100.0, where lower scores indicate a higher reading difficulty level and
therefore being less readable. This is a particularly popular method of calculating readability
and is an available feature in Microsoft Word [26]. A similar method noted for its simplicity
in implementation is the automated readability index (ARI), outlined in 1967 [27]. This
approach uses average characters per word and average words per sentence to generate a
readability score. This score, that can be from 1 to 14, approximates the US grade level (and
therefore approximate age) required to understand the text. While this approach is less
accurate than others, it is very easy to implement due to the simplicity in counting the
required metrics. Other methods have tried to incorporate more complexity. One such
approach is the Dale-Chall method, which identifies difficult words with a predetermined list
instead of by length like the Flesch Reading Ease Test. This area of my research gave me a

far better understanding of the available methods in determining readability. The next step of

11



my research was to learn about previous attempts at analysing media readability and its

connection to media sentiment.

2.5.2 Media Readability and Sentiment

A study conducted in 2000 [29], looked at the difference in readability across notable news
publications in the United Kingdom. This study used some different metrics for determining
readability and notably used the Flesch Reading Ease Test to generate an average readability
score for each publication. The results of this study, with a simple comparison of these
scores, suggested that tabloids were more readable than broadsheets, with the Mirror, the Star
and the Sun being the 3 most readable news publications in the study. The Times and the
Independent, two broadsheets, were the least readable publications. This study highlighted

the use of readability tests in distinguishing between publications and types of publication.

Another study conducted in 2012 in Bristol University [30], analysed millions of newspaper
articles for a variety of different metrics, including style of writing and gender disparity. The
most relevant experiment to our study was the relationship between readability and
sentiment. This study used the Flesch Reading Ease Test to determine readability in different
news publications and compared it to sentiment to determine if there was a statistically
significant relationship between the two. Sentiment was calculated using a different method
to Ahmad, Liston and Daly [22], instead determining “linguistic subjectivity”, which is the
level of subjectivity of a text. The method used to calculate linguistic subjectivity involved
creating a ratio of sentimental adjectives to the total number of adjectives. The results showed
that tabloids were more linguistically subjective and therefore more sentimental than
broadsheets. The research also found a statistically significant correlation between readability

and linguistic subjectivity, with a p-value of 0.0018 using Spearman’s correlation.

These studies highlight the differences in readability in media publications. The most
interesting result is the relationship between readability and linguistic subjectivity found by
the Bristol University Study [30], as it shows the potential for sentiment to have a statistically
significant relationship with readability in COVID-19 reporting as well as opinion pieces.
The study acknowledges that linguistic subjectivity can change depending on the topic, and
so further research would have to be conducted in order to test this relationship.

12



3 Methodology

3.1 Introduction

From my research objectives outlined in section 1.2, | established the following approach:

- Data Gathering: Gather news articles and opinion pieces related to COVID-19.

- Data Pre-processing: Process the data gathered so that it can be used for sentiment

analysis.

- Sentiment Analysis: Analyse these articles for sentiment and compare these sentiment

Scores.

- Statistical Analysis: Run tests to explore statistically significant differences or

similarities in sentiment across types of sources and types of articles related to

COVID-19.

- Readability Analysis: Run tests to explore the relationship between readability and

sentiment in news reports and opinion pieces to COVID-109.

Each of these steps are all outlined in the following sections. Each section describes the tools

used, the implementation steps taken, and any issues encountered during the implementation.

This approach is visualised in the architecture diagram.

Data Gathering

Articles

.| Article Prepocessing

Data Preprocessing

Parsed
Articles

Sentiment Analysis

LexisNexis

| Readability Index

Python Scripts

Scores

Readability

> Rocksteady

Sentiment
Data

]

Statistical Analysis

A

Python Statistical ‘ Sentiment
Analysis Scripts r Results

Sentiment
Data

Excel \

Python Script

Figure 3.1 Architecture Diagram

v

Readability

A4

Readability Analysis > Results
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3.2 Data Gathering

3.2.1 Tools

The first stage of this research was to gather a dataset of both news articles and opinion
pieces to be used for sentiment analysis. The tool used for this stage was LexisNexis. This
tool allows for the downloading of news articles from a variety of news publications.
Different article searching options can be used to filter articles including by date, publication
type, publication location and language. Most notably for our research, articles can be filtered
based on their use of certain terms. Articles can be downloaded in a variety of different
formats including raw text (.txt) and Rich Text Format (.rtf). These articles are collected in
zip folders of 500 articles. This is the same tool used for news article generation as Ahmad,
Daly and Liston [22].

m—- Fiters > sectonopiion sndcovd a S Regitr

Results for:section(opinion) and covid| Actions

@
p
=

New 1 News (10.000+) E'f’

Group Duplicates:| off

d by the COVID -19 pandemic - which has killed millions around the

3.2.2 Implementation

My first step for this process was to download a sufficient number of opinion articles related
to COVID-19. This was achieved by using the advanced search feature in LexisNexis.
Articles had to contain the terms “covid” or “coronavirus” to be deemed as related to

COVID-19. Articles also had to be labelled as an opinion or editorial piece. These articles
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would be labelled as such if the article section field contained either of the terms, “opinion”

or “editorial”. As a result, | generated the following search term which ensured that these

conditions were met:

(covid or coronavirus) and section(opinion or editorial)

Figure 3.3 Opinion Search Term Used

| then limited these results using the available filters in LexisNexis. Articles were filtered to
be only written in English, to be only from publications in the United Kingdom and to be
within a date range which in our case was from January 18th to March 22nd. This range was
chosen as January 18th was the date of the first available opinion piece related to COVID-19.
The articles were then downloaded in collections of 500 individual files in Rich Text Format.

These files were saved locally.

The next step was to generate a similarly sized dataset of news reports related to COVID-19.
As some news publications do not correctly specify whether an article is intended to be news,
opinion or other, I only included publications that had correctly labelled their opinion pieces

in the previous stage. The same filters were used to limit articles but with a modified search

term.

(covid or coronavirus) and section(news)

Figure 3.4 News Search Term Used

These articles were downloaded in the same format and also stored locally. These methods
resulted in the following corpus, first outlined by article type and then by publication and

article type.
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Type Avrticles

News 7932
Opinion 8392

Total 16324

Figure 3.5 Table: Corpus by Article Type

Type Opinion News Total
The Guardian 3290 1486 4776
The Sun 528 2367 2895
The Independent 188 1735 1923
The Telegraph 867 479 1346
The Mirror 143 603 746
Scotsman 256 292 548
The Times 98 S 471
The Observer 418 44 452
News Letter 255 123 378
The Express 203 85 288
The Sunday Times 130 87 217
Other 2016 258 2194
Total 7932 8392 16324

Figure 3.6 Table: Corpus by Publication
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3.2.3 Issues

My initial intention was to examine Irish publications, however too many major publications
did not correctly label their articles as reports or opinions. This led to too small a corpus, and
as a result the United Kingdom was chosen due to its larger size in available opinion articles.
However, many publications still did not correctly label their articles such as BBC News and

The Mail, so our available publications were still limited.

1. In COVID times, the Easter message of hope over despair is more powerful than ever

thestar.com 04 Apr 2021
OPINION 579 words
Star Editorial Board 3 hits

Figure 3.7 Sample Correctly Labelled

1. Covid survivor (75) fulfils pledge to enjoy Guinness atop Mournes

Irish News 05 Apr 2021
A2F0 361 words
3 hits

Figure 3.8 Sample Incorrectly Labelled

Above are examples of a correctly labelled article and an incorrectly labelled article. In the
first example, “thestar.com” has clearly marked their article as “OPINION” in the section
heading and therefore can be used as an opinion piece in our dataset. The other example from
“Irish News”, uses the code “A2F0”, to distinguish between articles. Using the Irish News
website, I manually checked articles to see if these codes related to different types of articles
but was unable to find any patterns between codes and type of article. Other publications had
no description of the type of article or included only a newspaper page number. As a result,
publications like this that used codes or page numbers, or were left empty were unable to be

used in our dataset, as it was impossible to classify the articles as news or opinion.
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3.3 Data Pre-processing

3.3.1 Tools

The main tool used in the data pre-processing stage is Python [31]. Python is a high-level,
object-oriented programming language, known for its easy-to-understand syntax and code
readability. It is particularly useful for scripting. This was chosen due to my experience with
the language, and the available libraries for working with Windows directories and files. The
libraries used included os [32]. This library allows for interacting with the Windows
operating system and file directories. The library SyllaPy [33] was also used, as it allows for

counting syllables of words in Python.

3.3.2 Implementation

Duplicate Removal

LexisNexis often gives duplicated articles, and as a result my first step was to remove these
duplicates. When the duplicated articles were in different collections of 500, they were
handled when moving each collection of 500 to a collective directory. When they were all
placed in the new directory, the Windows File Explorer would recognise that duplicate
articles have the same title and give the option to delete all but 1 of the duplicates. However,
when the articles were in the same collection of 500, LexisNexis would download them

together and give one a number in parenthesis at the end of its file name.

For example, if an article named “Covidiots rain on city's parade” was duplicated in the same
collection, the two versions would be saved as “Covidiots rain on city's parade.rtf” and
“Covidiots rain on city's parade(1).rtf”. This would continue if more than 2 instances of the
same article were included in the same collection of 500. For example, if this same article
appeared 4 times in the same collection, it would also contain “Covidiots rain on city's

parade(2).rtf” and “Covidiots rain on city's parade(3).rtf”.
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In order to combat this, | developed a Python script, main.py, to search a directory for
duplicates and remove them. This script involves searching through the directory for all titles
containing a number in parentheses. It starts by searching each title for the string “(1)” and
continues for “(2)” and “(3)” and so on until the search finds no more duplicates. After
running this script in my machine's command window, all duplicate articles were successfully

removed from the dataset.

This a pseudo code representation of that script:

count = 1
while{ directory contains file with "({count)'):

value = "{" + count + ")
files = get_all files with{value)
delete{files)

count = coumt + 1

Figure 3.9 Pseudocode Representation of Script main.py

Adding Publication Type

The type of publication (i.e. tabloid or broadsheet) was needed for this study, however this is
not included in LexisNexis. To handle this, | created a JSON file that included all used news
publications and their corresponding types. This file was used later in the article parsing

stage. These newspapers were classified based on a Wikipedia source [34], that outlines each

UK newspaper and its corresponding type (broadsheet, tabloid or other).

"The Guardian (London)": "broads
"thesun.co.uk™: "tabloid",
"The Independent (Un

"Th (

"The Observer

"MNews Letter™: "tabloid",

"The Even tandard (London)": "tabloid”,
"The Express™: "tabloid",

"Financial Times (London, England)“: “"broadsheet”,

]

Figure 3.10 Sample Lines from news_sources.json file
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Readability Index

For later analysis of readability, it was necessary to determine the readability of each article.
This was done by creating a python script, readability.py. The script created was based

around the Flesch Reading Ease test which generates a score based on the following formula:

Total Words ) (Total Syllables>

Readability = 206.835 — 1'015( Total Words

Total Sentences

This test was chosen over other methods such as Automated Readability Index or Dale-Chall

due its previous use in media readability studies [29][30].

The script, readability.py, that was created reads in all gathered Rich Text Format files using
the os module. The body of the articles are extracted from the file by checking each line of
the article. The start of the body is recognised when the word “Body” is found at the start of a
line. Each following line is appended to a variable named “body”, until the end has been
identified. Due to the format of these Rich Text Format files, the end can be identified by a

line beginning with either of these three strings: “Classification”, “Graphic” or “Load-Date”.

Once the body has been extracted, it is examined for readability. The number of sentences is
identified by counting the number of punctuation marks such as full stops, exclamation
marks, question marks, colons and semicolons. Words are counted by splitting the text into
an array of words and determining the length of this array. Finally, syllables for each word in
the article are counted using the SyllaPy [33] module and added to a total syllable count for
that article. These values are used by the Flesch Reading Ease test formula, and a score is
derived. This score is saved in a JSON file readability.json, with the file name as the key for

each score. The following is a pseudo code representation of the script created:

files = get all files()
Ffor file in files

rllables (word)
fsentences) - B4.6%(syllables/words)

Figure 3.11 Pseudocode Representation of barchart_generator.py
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"COVID is a mess.RTF": 56.34,
"Say not to lockdowns.RTF™: 42.37,

"End of COVIDI9": T8.51

Figure 3.12 Sample readability.json with Mock Data Containing Readability Scores

Article Parsing

To be loaded into our sentiment analysis tool Rocksteady, articles had to be parsed from
individual Rich Text Format (.rtf) files into a single text file (.txt). Rocksteady provides a
python parser, and a template for how Rich Text Format files should be converted into the
text file. This parser had to be modified to include the type of article, the publication, the
publication type and the readability score. I did this by having the parser set the title of the

article to be:

“title>article_type>source>source_type>readability”

The title was retrieved from the title area in the RTF file, the article type was retrieved from
the section area, the source was retrieved from the source area and the source type was
retrieved from the news_sources.json file using the previously obtained source. The
readability score is retrieved from the readability.json file using the filename. For example, if
it received an article named “COVID-19 is the worst”, an opinion piece written in the

Telegraph that has a readability score of 61.3, the outputted title would be:

“COVID-19 is the worst>opinion>The Telegraph>broadsheet>61.3"

The delimiter <> was chosen as no article title contained that character. The delimiter was

later used in Excel to split the title into different columns.
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Updated Corpus

These pre-processing techniques led to the following corpus breakdown of source types:

Source News Opinion Total
Tabloid 2316 3309 5625
Broadsheet 4619 5629 10248

Other 4 447 451

Figure 3.13 Table: Corpus by Type of Source

3.3.3 Issues

The tool we will use in the Sentiment Analysis stage, Rocksteady, had significant issues
reading articles that had been parsed by the original provided parser. After many tests to try
and discover the issue, | found that Rocksteady was unable to read articles whose publish
date had a specified time and/or time zone. | fixed this issue by having the parser only read

the date, month, year and day.

ff( " LexisNexis

. THE NHS cannot meet every [ ]

The Express
May 6, 2020 Wednesday
Edition 1, National Edition

Figure 3.14 Correctly Formatted Date
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ff( " LexisNexis

Lockdown funerals have deprived us of our right to say goodbye to loved ones: Final farewells
during the outbreak. brief and with few mourners, are hardly adequate to mark lives well lived

Coronavirus - latest updatesSee all our coronavirus coverage

The Guardian (London)
April 19, 2020 Sunday 11:52 AM GMT

Figure 3.15 Incorrectly Formatted Date

In Fig 3.6, we see an article with the date May 6, 2020 Wednesday. This is an example of a
date that Rocksteady could correctly read and analyse for sentiment. In Fig 3.7 we see an
article with the date April 19, 2020 Sunday 11:52 AM GMT. This added time and time zone

component could not be handled by Rocksteady so articles like this had their dates parsed

without these components.
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3.4 Sentiment Analysis

3.4.1 Tools

The tool that was used for sentiment analysis is Rocksteady. Rocksteady is an affect analysis

tool developed at Trinity College Dublin. It allows a user to analyse articles for sentiment

with a general language dictionary, while also allowing for use of a domain-specific

dictionary. This tool was used for sentiment analysis in the study by Ahmad, Daly and Liston

[22].

Figure 3.16 Sample Rocksteady Page

The tool that was used to store sentiment data from Rocksteady was Excel. Microsoft Excel is

a spreadsheet tool developed by Microsoft for data analysis and visualisation [35]. It allows

for the organisation of data, with each row allowing multiple columns for different features.

Below is an example of the data shown in Excel:

A B C

1 |Title article_tyj source

2 |Africatakinews Financial ©
3 |Africa's henews Financial ©
4 |Brexit dez news Financial ©
5 |Coronavir news Financial ~
6 |Coronavir news Financial ©
7 |Coronavir news Financial ©
& |Coronavir news Financial ©
9 |Coronavir news Financial -
10 | Covid forcnews Financial ©
11 |Covid-19 i news Financial ©
12 |Datawatct news Financial ©
13 |Democrat news Financial -
14 |Denmark (news Financial ©
15 |Dubai's fe news Financial ©

D E F
source_ty readability date
broadshet 50.34310897 2020-09-2.
broadshet 49.99200914 2021-01-1i
broadshet 45.61457679 2020-11-21
broadshet 64.90480295 2020-05-1
broadshet 59.02973726 2020-11-2i
broadshet 38.63586854 2021-01-1.
broadshet 48.54335329 2020-12-1.
broadshet 58.75540373 2020-12-0:
broadshet 47.90071429 2021-02-1i
broadshet 72.13692862 2021-02-01
broadshet 46.175 2020-06-11
broadshet 41.0780303 2021-01-2!
broadshet 47.45999433 2021-01-2°
broadshet 44.86482078 2021-01-31

Figure 3.17 Sample Excel Sheet

G
Terms

899
a77
487
677
1186
309
535
363
805
2679
82
576
411
796

H | L

negative_ positive_gnegative_ positive_t covid_per
3.003337 1.668521 27 15 0.444939
1.710376 1.596351 15 14 0.342075
1.848049 3.285421 9 16 0.410678
3.397341 2.658789 23 18 1.033973
2.445194 4.047218 29 48 0.764007
1.618123  4.20712 5 13 0.651466
1.495327 2.429907 8 13 0.747664

1.37741  6.61157 5 24 0.550964
1.242236 4.720497 10 38 0.248447
3.322135 4.10601 a9 110 0.224383
1.219512 3.658537 1 3 3.658537
2.256944 5.208333 13 30 0.520833
3.892944 2.919708 16 12 0.729927
2.512563 3.768844 20 30 1.007557
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Python was again used in this stage to create a script. The csv library [36] was used to read

the results.csv file, and matplotlib [37], a visualisation library, was used for visualisation.

3.4.2 Implementation

The first step was to load the parsed articles into Rocksteady. This was done by importing the

parsed text file containing each article into Rocksteady.

A frequency count approach was used to analyse the dataset for sentiment. This was done
using the General Language Dictionary available in Rocksteady. This dictionary allowed for
the extraction of positive and negative sentiment from each document. Rocksteady analyses
sentiment by identifying and counting negative and positive terms in a document. Here is an
example of a document being analysed for negative sentiment. The negative terms that were
matched to the dictionary and counted are visualised in red.

one of the most popular topics on the chinese microblog weibo on thursday was a one minute clip of a us congressional hearing this week on how the country was dealing with
the coronavirus. in the video posted by the people s daily robert redfield director of the us centers for disease control and prevention is asked whether there may have been deaths
attributed to influenza that could actually have been the result of covid 19. redfield responds in the affirmative some cases have been actually diagnosed that way in the united
states today redfield s vague answer was enough to add fuel to a conspiracy theory that has been gaining traction over the past two weeks in china that the coronavirus did not
originate in china but may have come from the us instead. the us has finally acknowledged that among those who had died of the influenza previously were cases of the
coronavirus. the true source of the virus was the us one commentator said. the us owes the world especially china an apology another said. american coronavirus one wrote. the
theory has gained traction over the past few weeks after a respected epidemiologist zhong nanshan said in a passing remark at a press conference on 27 february that although the
virus first appeared in china it may not have originated in china. zhong later clarified his statement saying that the first place where a disease is discovered does not equate to it

Figure 3.18 Sample Article Analysed by Rocksteady

Rocksteady then displays how many positive and negative terms are contained in an article.
Articles can be grouped by source, date, month, year or simply individually. For this study it
was important to note each individual article's sentiment, so | did not group any articles
together. Rocksteady allows the user to download the negative and positive scores as total
terms, percentages, or z-scores. Z-scores are a measurement of a value’s relationship to the
mean. For the purposes of our study, the data was downloaded from Rocksteady in
percentages and then again in terms, before combining these datasets. This data was
downloaded from Rocksteady into an Excel spreadsheet. This spreadsheet contained the
following headings: title, article type, source type, readability, date, terms, negative term
percentage, positive term percentage, total negative terms and total positive terms.
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A python script was created to visualise the comparisons of total negative and positive
sentiment. The script used the csv library [36] to read the sentiment data from the Excel
spreadsheet. The script reads in specific samples from the dataset, counts the total terms, the
total positive terms, and the total negative terms in that dataset. The percentage of negative
terms and positive terms are then calculated. The matplotlib library [37] was used to visualise

these comparisons.

The first comparison | calculated was the total negative percentage of all news articles and
the total negative percentage of all opinion pieces. | repeated this comparison for only
broadsheets and again for only tabloids. I repeated these steps but for positive sentiment

instead of negative sentiment.

3.4.3 Issues

An issue that arose in the sentiment analysis portion was the identification of a potential bias
in the corpus. While the opinion pieces were evenly distributed across our date range, I
identified that the news reports contained more articles per day depending on how close the
day was to the end of the date range. This meant that days closer to the end of the date range
likely had more articles than days closer to the start of the range. This was likely due to
LexisNexis deeming recent articles to be more relevant and placing them at the top of the

search results.

In order to test for this bias, | downloaded the sentiment results in time series format, where
negative and positive percentages were calculated by day and not by individual articles. |
then tested to see if there was a statistically significant correlation between the number of
articles per day and the positivity or negativity of articles. | calculated the correlation
coefficients using Excel’s correlation function, which is based on Pearson’s correlation
coefficient. These correlations were then tested for statistical significance, also in Excel.

Pearson’s correlation coefficients were calculated as:

- D0i=)
VG- D220 - 7
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Where r is the correlation coefficient, x; and y; are the values of the variable, and where
X and y are the means of the variables. These correlations were tested for statistical
significance using the following formula, where r is the correlation coefficient and n is the

sample size, to calculate a t-score:

- r X Vvn—2
Vv1—r1r2

The Excel TDIST() formula was then used to generate p-values. 2 correlation coefficients
were generated, one for the relationship between negative sentiment and articles per day, and
the other for the relationship between positive sentiment and articles per day. These yielded

the following results.

Sentiment ‘ r ‘ t ‘ p
Negative ‘ 0.081379 ‘ 1.604164 ‘ 0.109496

Positive ‘ 0.075184 ‘ 1.48132 ‘ 0.139337

Figure 3.19 Table: Correlation Between Sentiment and Number of Daily Articles

With a significance level of 5%, we fail to reject the null hypothesis that there was a
statistically significant correlation between sentiment and number of articles per day, as both
p-values were greater than 0.05. This suggests that the gathering method of news articles did
not affect the results significantly.
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3.5 Statistical Analysis

3.5.1 Tools

The tool used for statistical analysis was Python. This was again chosen due to my experience
with the language and was also chosen due to the available useful libraries that could be used
for this stage of the project. The library statistics [38] was used to do some calculations such
as standard deviation. A library named scipy [39] was used for calculating critical values and
p-values. The csv [36] library was again used to read in values from the Excel spreadsheet
and also to write to new spreadsheets, while matplotlib [37] was used to draw results table.

The pandas library [28] was used to convert results into data frames so they could be drawn.

3.5.2 Implementation

Methods

The goal of this stage of the research was to test if the difference in sentiment across different
types of articles or different types of source is statistically significant. The method I used for
this was by comparing the means of 2 populations. After deciding our two populations, a
random sample of 100 from each population was taken. 100 was chosen as it was large
enough to test for statistical significance but was small enough that it was not greater than
any of the populations. A t-score was then calculated for these samples. This is calculated as:

_@E-F) - 6

(s1)? | (s2)?

where x; and x, are the sample means, s; and s, are the sample standard deviations, n, and
n, are the sample sizes and &, is the hypothesised difference between the 2 means. The
t-scores were then tested at 5% level of significance to explore if there was a statistically

significant difference in the means of these populations.
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Our hypotheses are:

Ho:py — pu; =0
Hyipg — pp >0

The null hypothesis is that the means of the distributions are the same and there is no
statistically significant difference in sentiment between the distributions. The alternate
hypothesis is that the means of the distributions are not the same and there is a statistically

significant difference in sentiment between the distributions.

By comparing our t-score to the critical value (which we will generate based on degrees of
freedom and the significance level), we can either reject or fail to reject the null

hypothesis. If the t-score is greater than the critical value, then we reject the null hypothesis
and conclude that one population has on average more negative/positive sentiment than the
other. If it is not, we fail to reject the null hypothesis and cannot conclude that there is a
significant difference in negative or positive sentiment between news reports and opinion

pieces.

For testing for a statistically significant difference in types of article, the population of
negative sentiment scores in all news articles was compared to the negative sentiment scores
in all opinion pieces. This was repeated for only broadsheet sources and repeated for only
tabloid sources to test if results were consistent or not in different types of sources. These
steps were also repeated but using positive sentiment scores instead of negative.

For testing between different types of sources, negative and positive sentiment in broadsheet
news reports was compared to negative and positive sentiment in tabloid news reports. This
process was repeated to compare broadsheet opinion pieces and tabloid opinion pieces.

Python Script

In order to implement the outlined tests, a Python script was written. This script, ttest.py,
creates populations of sentiment data stored in lists by reading our Excel spreadsheet.
Samples are created by manually reading the Excel spreadsheet to identify the start and end

certain types of sources and types of articles. These samples are saved in separate CSV files.
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Two samples are then passed to the runTest() function. In this function, all necessary

variables are generated for the 2 samples including the means, standard deviations and

sample sizes. These variables are used to calculate the t-score. The critical value is calculated

using the scipy.stats t.ppf() function and finally a p-value is calculated to determine if the

difference in the 2 population means is statistically significant. If the p-value is less than 0.05,

the difference is statistically significant, and we reject the null hypothesis. These outputs

were visualised in table format using the matplotlib library [37].

The following is a pseudocode representation of the created script:

ilename, samplel, samplel)
standard ationl, standard_deviati
meanl, m get_means({samplel, ]
tscore = n_x1 - mean_x2) J sqrt{(stdl*2/18@)+ (std2~2/188))

alpha = B.85
critical walue = get_critical_walue(alpha, degrees_of freedom)
if(tscore » critical_walue):
"Reject null hypothesis®™
else:
"Fail to reject null hypothesis"
p = calculate_p wvalue

Figure 3.20 Pseudocode Representation of ttest.py

Analysis

The final stage of the analysis was to determine if there was a statistically significant
relationship between the readability and sentiment of a news article or opinion piece. This
was achieved using Pearson’s correlation to calculate a correlation coefficient, like how it
was used in section 3.4.3 when exploring the relationship between sentiment and number of
articles per day. P-values were once again generated from the correlation coefficient and

examined for statistical significance with a 5% level of significance.

Firstly, the relationship between total sentiment (positive and negative percentages
combined) and readability in news articles was tested. This was chosen as the Bristol
University [30] study compared level of subjectivity to readability, instead of negativity or
positivity. These steps were then repeated for opinion pieces. The calculations were done

using Excel.
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3.5.3 Issues

The main issue that arose throughout this stage was determining how to test for a statistically
significant difference in sentiment between different type of article and types of sources. |
ultimately decided to use the population model, which involves taking a random sample from
a population of sentiment scores and performing a t-test to examine potential statistically
significant differences. As the corpus is not a full population of all UK publications and all
articles related to COVID-19 from those sources, our results will not show a definitive result

and will be more suggestive of potential significant differences.
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4 Results

4.1 Introduction

This section outlines the results generated during the implementation of this research. These

results are split into 3 stages: sentiment analysis, statistical analysis and readability analysis.

4.2 Sentiment Analysis

After calculating the total negative sentiment across news articles and the total negative

sentiment across opinion articles, these totals were compared and visualized in a bar chart.

Negative Percentage by Type of Article

3.5 1

3.0 A

2.5 A

2.0 A

Negative (%)

1.5 A1

1.0 A

0.5 1

0.0

T T
News Opinion
Type of Article

Figure 4.1 Total Negative Sentiment Percentage by Type of Article

The results showed that opinion pieces regarding COVID-19 (3.4467%) were in total more
negative than news articles (2.7349%). Interestingly, this was consistent in both tabloids

(3.3769% compared to 2.8114%) and broadsheets (3.5134% compared to 2.6848%) as shown
below.
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Tabloid Negative Percentage by Type of Article
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Figure 4.2 Total Negative Sentiment Percentage by Type of Article in Tabloids

Broadsheet Negative Percentage by Type of Article
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Figure 4.3 Total Negative Sentiment Percentage by Type of Article in Broadsheets

Similarly, total positive sentiment percentages in opinion pieces were higher than in news
articles. Opinion pieces had an overall positive sentiment percentage of 4.2565%, compared
to news reports with just 3.5363%. This was once again consistent in both tabloids (4.3924%
compared to 3.463%) and broadsheets (4.208% compared to 3.5844%).
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Positive Percentage by Type of Article
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Figure 4.4 Total Positive Sentiment Percentage by Type of Article

Tabloid Positive Percentage by Type of Article
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Figure 4.5 Total Positive Sentiment Percentage by Type of Article in Tabloids
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Figure 4.6 Total Positive Sentiment Percentage by Type of Article in Broadsheets
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Potential differences in positive and negative sentiment in a select number of sources were
then explored. 3 sources were chosen, The Sun, The Guardian and The Telegraph as they

were the largest sources in our corpus that had a significant number of both news reports and
opinion pieces. News reports from these sources were first observed, with negative and

positive sentiment being quite consistent among the 3 sources.

Positive and Negative News Sentiment by Publication
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Figure 4.7 Total Positive and Negative News Article Sentiment Percentage by Source

Opinion articles from these 3 sources were then observed, with both positive and negative
sentiment again being quite consistent. The only noticeable difference was that the
Telegraph’s opinion pieces appeared to be less negative than the other 2 sources, as well as

being less negative than the total opinion piece negativity percentage previously obtained in
Figure 4.1.
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Figure 4.8 Total Positive and Negative Opinion Piece Sentiment Percentage by Source
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Although there appeared to be differences in sentiment across different data types,

particularly in type of article, it was important to test if these differences were statistically

significant, which is outlined in the following section.

Source Type | Article Type | Number of Articles Positive (%) | Negative (%)
Overall News 7932 3.5363 2.7349
Overall Opinion 8392 4.2565 3.4467
Tabloid News 3309 3.463 2.8113
Tabloid Opinion 2316 4.3924 3.3769

Broadsheet News 4619 3.5844 2.6848
Broadsheet Opinion 5629 4.208 3.5134

Figure 4.9 Table: Sentiment Breakdown Across Different Types of Source

Source Article Type | Number of Articles | Positive (%) | Negative (%)

The Sun News 2367 3.5363 2.8959

The Sun Opinion 528 4.2565 3.3896
The Telegraph News 479 3.463 2.7719
The Telegraph Opinion 867 4.3924 3.6501
The Guardian News 1486 3.5844 3.7322
The Guardian Opinion 3308 4.208 3.5793

Figure 4.10 Table: Sentiment Breakdown Across Different Sources
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4.3 Statistical Analysis

The values in this section were calculated using a t-test for comparing independent
population means with a random sample of 100 articles. P-values were calculated for each
comparison and tested for 5% level of significance. This meant that if p-values were less than
0.05, we reject the null hypothesis that there is no statistically significant difference in
sentiment between the two populations. If there is a statistically significant difference, the t-
score determines which population is more sentimental. If the t-score is positive, the first
population (x;) is more sentimental than the second (x,), and the opposite is true if the t-
score is negative. For all calculations, the sample size was 100 and the critical value was
calculated as 1.6526.

4.3.1 Type of Article

| first compared overall negative sentiment in news reports and opinion pieces, where news
reports were x; and opinion articles were x,. This comparison yielded a p-value of less than
0.0001, with a negative t-score indicating that opinion pieces were statistically significantly
more negative than news reports. This finding was consistent when comparing tabloid news
reports and opinion pieces and was again consistent when comparing broadsheet news reports
and opinion pieces, yielding p-values of <0.001 and <0.0000001 respectively, with negative
t-scores.

These findings were also consistent when comparing positive sentiment across news articles

and opinion pieces, with the overall, tabloid and broadsheets comparisons all yielding p-
values less than 0.05 with negative t-scores.
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Source Type Sentiment t p
News Negative -4.8671 0.000002
News Positive -3.5250 0.0005

Opinion Negative -3.7154 0.0003

Opinion Positive -6.2018 0.000000003
Broadsheet Negative -5.8957 0.00000002
Broadsheet Positive -3.2903 0.001

Figure 4.11 Table: Comparison of Sentiment in News Reports and Opinion Pieces

As a result, we were able to reject the null hypothesis that news reports and opinion articles
related to COVID-19 have no difference in sentiment, and can conclude that in our corpus on
average, opinion pieces are more sentimental and less neutral than news reports related to
COVID-19.

4.3.2 Type of Source

| then analysed the potential difference in sentiment between tabloids and broadsheets. I first
compared negative sentiment in broadsheet news and tabloid news. The results showed there
was no significant difference in negative sentiment between the two types of source. This was
also true for positive sentiment. As a result, we fail to reject the null hypothesis, and conclude
that there is no significant difference in sentiment between broadsheet news reports and
tabloid news reports related to COVID-19.

When comparing opinion pieces in broadsheets and tabloids, similar results were derived. P-
values were once again greater than 0.05. We again fail to reject the null hypothesis that there
is no difference in sentiment between opinion pieces in broadsheets and tabloids related to
COVID-19.

38



Article Type Sentiment t p
News Negative 0.2954 0.768
News Positive 0.2097 0.8341

Opinion Negative -1.3011 0.1947
Opinion Positive 0.4659 0.6418

Figure 4.12 Table: Comparison of Sentiment in Tabloids and Broadsheets

Interestingly the results showed a lack of difference in sentiment in COVID-19 news
reporting across broadsheets and tabloids, which is inconsistent with studies [29][30] that

found tabloids to be more sentimental than broadsheets.

4.4 Readability Analysis

For this section, the goal was to explore the relationship between sentiment and readability in
news reports and opinion pieces. In all comparisons, Pearson’s correlation was used to
calculate a correlation coefficient. These correlations were tested for statistical significance

by generating a p-value, and this value was tested for 5% level of significance.

For both news reports and opinion pieces, a statistically significant negative correlation was
found between readability and total sentiment, with correlation coefficients of -0.1349 and
-0.1039 respectively. The p-values were very small and less than 0.05, so we reject the null
hypothesis that there is no statistically significant correlation between total sentiment and

readability in both news reports.

Article Type ’ r ‘ t ‘ p
News ‘ -0.1349 ‘ 12.1263 ‘ <0.0000000001
Opinion ’ -0.1039 ‘ 9.5642 ‘ <0.0000000001

Figure 4.13 Table: Correlation of Sentiment and Readability
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As the coefficients are negative, this suggests that the more readable an article is, the less
likely the article is to be sentimental. This is inconsistent with the findings in the Bristol

University [30], which found a statistically significant positive correlation between
readability and sentimentality.
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5 Evaluation

5.1 Discussion of Results

The main goal of this research was to explore the potential difference in sentiment between
news reports and opinion pieces related to COVID-19. While there appeared to be a
difference in both positive and negative sentiment, the results of the t-test on a random
sample of COVID-19 articles in the statistical analysis section suggest that this difference is
statistically significant, with opinion pieces on average having higher positive and negative
sentiment. These results are interesting as it suggests that sentiment analysis could be used in
other methods in order to distinguish between what is intended to be a factual report about
COVID-19 and someone’s opinion. The findings are consistent with the study based on Wall
Street Journal articles [24] that suggested that there was a statistically significant difference
between factual and false information. It is also interesting to note that these results were
consistent in just broadsheets and just tabloids, as other studies have shown that there is a
difference in sentiment between broadsheet and tabloid news reporting [29][30]. This could
suggest that despite tabloids being shown in other studies to be more subjective in their news
reporting than in broadsheets, they are still less sentimental and opinionated than a designated

opinion piece.

The results from the analysis comparing broadsheets and tabloids were surprising as it
showed no statistically significant difference in sentiment between tabloid and broadsheet
news articles or opinion pieces, for both positive and negative sentiment. This is inconsistent
with the findings from the work of Clough [29] and Bristol University [30] who both found
tabloids to be more subjective than broadsheets. It is possible that the binary approach of
labelling publications as either a tabloid or a broadsheet caused these results, as there are
some papers that may be considered a tabloid or a broadsheet but may be closer to a medium
between the two. However further studies using a less binary approach would need to be

conducted to examine this.

The results regarding readability were very interesting, as they contradicted the findings of

the Bristol University study [30]. That study found a statistically significant positive
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correlation between readability and level of sentiment; however, this research found a
statistically significant negative correlation. The study does note that both readability and
sentiment differ from topic to topic, and therefore this could be a potential reason for the
inconsistent results, as our corpus is related to one topic. Another potential cause of this
finding could be a change in media writing style between the time of the study (2012), and
this research. However, further research would have to be conducted in order to examine any
potential change in writing style throughout this period. Another reason for this inconsistency
could be the difference in methods used to determine subjectivity. The Bristol University [30]
study also used a significantly larger dataset, and this could be a potential reason for the

inconsistent results.

5.2 Limitations

One of the main limitations of this research is the low amount of available news publications
due to incorrect labelling of news reports and opinion pieces. It is possible that the lack of
variety in publications may have led to bias from large publications in the corpus. It was
previously outlined in section 3.4.3 that a potential bias may have occurred due to article
relevance system in LexisNexis favouring recent articles over less recent ones. Although the
test | ran showed no significant difference in sentiment from recent and older news reports, it

is still possible that this may have affected the corpus.

Another limitation is the lack of consideration given to incidents that may have affected
media sentiment throughout the course of our corpuses date range. Throughout 2020 there
were many significant events that may have affected media sentiment positively, such as
lockdowns ending or the announcement of a vaccine. Other events may have affected media
sentiment negatively such as returns to government restrictions or spiking COVID-19 cases.

Any future work should incorporate event analysis to account for this potential issue.

The final limitation considered is the lack of consideration given to how relevance to the
topic of COVID-19 may affect the sentiment of an article. If relevance were to have a
significant impact on relevance, it is possible that bias could be present in the corpus, and so

this consideration should be considered in future work.
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6 Conclusion and Future Work

6.1 Conclusion

This research developed a corpus of 16324 articles related to COVID-19, with approximately
8000 news reports and 8000 opinion pieces from UK publications. The research created
Python scripts to read and process articles gathered from LexisNexis, including a script that
determines the readability of a text based on the Flesch Reading Ease Test. The research also

produced a Python script to run t-tests for statistical significance in population means.

The research found a statistically significant difference between news reports and opinion
pieces related to COVID-19 in both positive and negative sentiment, suggesting that
opinionated articles related to COVID-19 are on average more sentimental than news reports.
The research found that there was no statistically significant difference in sentiment between
tabloids and broadsheets. The research also found a significant negative correlation between
the readability of a text and its sentiment, which suggests that articles related to COVID-19

that are less sentimental are likely to be easier to read.

This research contributes to vast amount of research that has been done with the aim of
automating false information detection, specifically in terms of helping solve the issue of the

infodemic.

6.2 Future Work

Future work should use a different method of gathering data to ensure a more diverse set of
publications. One method could involve the scraping of online news websites, as opinion

articles tend to more clearly labelled on these websites.
Future work should include event analysis, in order to determine if notable events related to
COVID-19 had a significant effect on media sentiment. This could involve analysing changes

in sentiment after major news events regarding the pandemic or could analyse the
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relationship between media sentiment and COVID-19 cases and deaths statistics. Further
work could also analyse the corpus for relevance to COVID-19 and explore potential
relationships between sentiment and relevance. Further work could also examine potential

differences in sentiment between specific publications.

As the results of this research suggest a statistically significant difference in COVID-19
sentiment between news reports and opinion pieces, machine learning techniques should be
applied to evaluate if accurate models can be developed to detect a factual report or
something that is opinionated with the use of sentiment analysis. Finally, more complex
approaches to sentiment analysis than a frequency count-based approach, could be used with
the same corpus to explore if results remain consistent with different methods of sentiment

analysis.
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