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Abstract—This work attempts to identify potential reporting
bias surrounding recent controversial decisions for articles
published from August 2019 to October 2021 within four major
news organizations: FOX, CNN, NBC, and NPR. This potential
bias is determined by conducting a Sentiment Analysis using
NLTK’s (Natural Language Tool Kit) VADER (Valence Aware
Dictionary and sEntiment Reasoner) Sentiment Intensity An-
alyzer. Copious amounts of literature have been published
regarding sentiment analysis and bias identification of news
articles, though none employ VADER. The team determines the
overall sentiment for an article using the Polarity Compound
calculated by the Sentiment Intensity Analyzer, which then
corresponds to a political tone indicated within the verbiage
and context of the article. Upon completion of the analysis, it
was found that CNN, NBC, and NPR tend to have the most
negative sentiment surrounding this topic, while FOX tends to
be more neutral though still on the positive side. This translates
to the surprising identification of a slightly democrat tone for
articles published by FOX, and a more republican tone for
those articles published by NPR, CNN, and NBC.

Index Terms—Machine learning, Sentiment analysis, NLP,
News

1. Problem Description

The U.S. War in Afghanistan informally began in 1999
when the United Nations declared al-Qaeda and the Taliban
to be terrorist entities and, “impose[d] sanctions on their
funding, travel, and arms shipments” [1]. With that being
said, the United States became formally involved in the
War in Afghanistan following the Terrorist Attacks on the
World Trade Center and Pentagon on September 11, 2001,
that were sparked by the assassination of Ahmad Shah
Massoud, the commander of an anti-Taliban coalition called
the Northern Alliance. The September 11 terrorist attacks on
the United States resulted in a rapid increase in the number
of troops on the ground in Afghanistan, up until 2012 when
U.S. involvement in the middle east began to see a rapid
decline (Figure 1). Although the U.S. has been decreasing
the troop levels in Afghanistan since 2012, the complete
removal of all American troops from Afghanistan on August
30, 2021, sparked major political upset, both in the Middle
East and here in the United States.

The following diagram (Figure 2) displays the timeline
of events surrounding the United States’ complete with-
drawal from Afghanistan, beginning with the signing of

Figure 1. Levels of US Troops in Afghanistan from 2002-2020

the Doha Agreement by President Donald Trump and the
Taliban in February 2020, and ending with Joe Biden’s
decision to pull all remaining troops from Afghanistan on
August 30, 2021 [2].

Being that the United States’ complete withdrawal from
Afghanistan is major international news, there is value in
understanding the potential biases that lie within the many
news organizations reporting on this topic throughout the
United States. This project will focus conducting a senti-
ment analysis of 30 news articles written and released by
each of four major news stations, to include: FOX, NBC,
CNN, and ABC, regarding the United States’ withdrawal
from Afghanistan earlier this year. This sentiment analysis
will aid in identifying potential biases that lie within these
different organizations when reporting on a major political
event.

2. Importance of problem

The decision by the U.S. to withdrawal from
Afghanistan is a history-making decision that has ended
the United States’ nearly 20-year involvement in the war
against terrorism, al-Qaeda, and the Taliban in Afghanistan
and was met with mixed reactions of support and opposition
from the general American public (Figure 3) [3]. We note
that roughly 70% of individuals identifying as Democrat
and Independent support this decision, mirroring the 70%



Figure 2. Timeline of the United States’ Withdrawal from Afghanistan

Figure 3. Political Support regarding the US Withdrawal from Afghanistan

overall support this decision received. This is contrasted by
the near split in support/opposition responses seen within
individuals who identify as Republican.

The Republican and Democrat parties appear to be on
opposing sides of this issue, with the majority of individuals
with Republican leanings believing that the United States
made the wrong decision in completely pulling out of
Afghanistan and the majority of Democrats believing that
the U.S. decision to withdraw troops from Afghanistan was
the right decision (Figure 4) [4]. Despite the publics’ varying
levels of support surrounding the United States’ decision to
withdrawal from Afghanistan, there has been an abundance
of news coverage regarding this hot topic. Machine learning

Figure 4. PEW Research Center Poll regarding US Troop Pullout

models for fake news detection and text analysis could help
to better understand the online posts [?], [?], [5], [6], [7],
[8], [9], [10], [11], [12], [13], [14], [15], [16], [17], [18],
[19], [20], [21], [22], [23], [24], [25].

3. Preliminary Literature Review

Many researchers have worked in sentiment analysis
on different news stations. Research conducted by Reis,
Benevenuto, Melp, Prates, Kwak collected a total of 69, 907
headlines from four different news sources: BBC News On-
line, Daily Mail Online, The New York Times, and Reuters
Online [26]. The primary purpose of the analysis was to
identify the sentiment of the headlines of various news
articles produced by these big and popular news sources.
The research focused on identifying if such positive or
negative sentiment of the headlines was able to generate
more clicks. This research found that the polarity of the
headlines of the article impacted the popularity of the news
article leading to more clicks. The study also revealed the
headline with a positive or negative tone attracted more
readers compared to the headlines with a neutral sentiment.

Similarly, in another research article by Islam, Ashraf,
Abir and Mottailb [27] conducted sentiment analysis to
detect the polarity based on sentence structure and dynamic
dictionary. The research used detection of sentences and the
use of a library for the classification of the news article.
The library was defined using a list of reserved words.
The proposed algorithm selected online news articles and
extracted paragraphs, sentences, phrases, and words. The
end of the sentence was detected if the sentence included the
“.” full stop sign. Once the end of the sentence was detected,
the algorithm then searched for positive or negative words,
sentences and phrases and determined the polarity of the
news articles. The researchers utilized java programming
languages and NetBeans IDE to develop the interface for
the algorithm. The experiment included the extraction of 56
random news articles from The Independent, The Telegraph,
and The Daily Star which resulted in only an 8.93% margin
of error which is only 5 out of 56 articles. Further analysis



TABLE 1.

News Organizations Covered in Analysis and Number of Articles
Used

News Organization Number of Articles Scraped
FOX 20
NBC 20
CNN 20
NPR 20

of the error showed these articles had a smaller number
of sentences which resulted in difficulty in determining the
polarity.

A research article by Jagdale, Deshmukh, and Shirsath
[28] explained the three levels of sentiment analysis and
advanced online text analysis [29], [30], [31], [32], [33],
[34], [35], [36], [37], [38], [39], [40], [41]. These levels are
document level, sentence level, and entity and aspect level.
In document-level sentiment analysis, the whole document
is analyzed, and the polarity of the entire document is iden-
tified. Similarly, in sentence-level sentiment analysis, each
and all sentences are analyzed to determine the polarity;
positive, negative, or neutral. Entity and aspect level senti-
ment analysis is based on opinion. The research involved
2225 documents from the BBC. The methodology used in
this research was tokenization, stop words, stemming, and
then assigning scores based on sentiments.

4. Proposed Approach

To complete our Sentiment Analysis successfully and
adequately, the team will focus on four major news or-
ganizations, previously listed, and will scrape a sufficient
number of articles from the websites of each organization.
The following table (Table 1) provides an overview of the
four major news organizations analyzed throughout this
project as well as the number of articles regarding the United
States’ withdrawal from Afghanistan that were scraped for
use throughout our Sentiment Analysis.

Two types of Sentiment Analysis (Table 2) will be
conducted throughout this project. The first is a general
Sentiment Analysis that describes the overall tone of the
article as either Positive, Negative, or Neutral, which will
aid the team in determining the overall attitude within
each news organization regarding the United States’ com-
plete withdrawal from Afghanistan. The second Sentiment
Analysis will describe the political tone of the article as
being Democrat, Republican, or Independent, which will
aid in highlighting the overall political biases present within
each news organization surrounding the United States’ with-
drawal from Afghanistan.

5. Proposed Method For Evaluation

The team intends to take advantage of various Natural
Language Processing (NLP) techniques using programs such
as Python and R to conduct a sentiment analysis on each
of the 120 articles covering the United States’ withdrawal

TABLE 2.

Sentiment Analyses to be Conducted on News Articles Covering U.S.
Withdrawal from Afghanistan

1 2
Positive Democrat
Negative Republican
Neutral Independent

from Afghanistan published by one of four news stations
(FOX, CNN, NBC, NPR). The team will then use the results
of this sentiment analysis to identify any potential biases
surrounding major political events that are apparent within
each of these major news organizations. Several text prepro-
cessing steps must be completed on all text to successfully
complete a sentiment analysis on these articles published
by each of the four major news organizations. These text
preprocessing steps can include tokenization, stop word and
punctuation removal, lemmatization, stemming and more,
and are described in detail below.

5.1. Text Preprocessing Definition

Preprocessing text data refers to the process of trans-
forming the text input into a, “predictable and analyzable”
[42] form for the task at hand and the ultimate goal of
cleaning and preprocessing text data is to, “. . . reduce the
text to only the words that you need for your NLP goals”
[43]. It should be noted that different tasks require an
emphasis on different steps within the preprocessing proce-
dure. Some common types of text preprocessing techniques
include tokenization, punctuation/noise removal, and text
normalization (lowercase tokens, stop word removal, and
lemmatization/stemming).

5.2. Tokenization

Tokenization refers to the preprocessing task of, “break-
ing up text into smaller components of text (known as
tokens)” [44]. A token may be an entire word, a part of a
word, or characters like punctuation. Tokenization is one of
the most important parts of NLP preprocessing, as it defined
what our models can express. In this project, tokenization
was done using SpaCy [45], a Python package often used in
NLP settings. SpaCy not only provides generic tokenization
functions, but also allows the user to, “customize the to-
kenization process to detect tokens on custom characters”
[46]. This custom tokenization in SpaCy could be used
for words including hyphens or apostrophes that should be
processed as a single token.

5.3. Punctuation & Noise Removal

Punctuation in text data does not add much, if any, value
to the data and the meaning behind it and thus is typically
removed from the raw textual data during the preprocessing
steps. Punctuation includes characters including, but not
limited to commas, periods, exclamation/question marks,
hyphens, and apostrophes.



TABLE 3.

Raw Text Data Lowercase Text Data
CaMeL camel
UPPER upper
lower lower

5.4. Lowercase Tokens

Text data usually contains characters that have differ-
ent cases, some of which may not be conducive to the
Natural Language Processing procedure. In order to further
normalize textual data for ease of analysis, all tokens are
typically converted into a lowercase capitalization scheme.
The following table (Table 3) displays a few examples for
creating lowercase tokens from raw textual data.

5.5. Stop Word Removal

Stop words are commonly used words in a language that
provide little to no information to the text. Some examples
of stop words in the English language can include, but
are not limited to: “the”, “is”, “a”, “are” [42]. There are
many packages available within Python that are capable of
detecting and removing stop words from the provided text,
with the most popular being the NLTK package. Stop word
removal is one of few text preprocessing tasks that are used
for text normalization.

5.6. Lemmatization & Stemming

Stemming refers to the NLP preprocessing task that is
concerned with, “bluntly removing word affixes (prefixes
and suffixes)” [2]. There are two major errors that can arise
from Stemming Algorithms: Over Stemming and Under
Stemming. Over stemming occurs when two words that have
different stems are stemmed to the same root word; for
example, the words “universal”, “university”, and “universe”
are stemmed to “univers” which would not be correct since
their modern meanings are in different domains and are
generally not synonymous [47]. Under stemming occurs
when, “two words that should be stemmed to the same root
are not” [47]. For example, the words “alumnus”, “alumni”,
and “alumnae” should all be stemmed to the same word,
but typically are not. Textual data can contain tokens that
are different forms of a certain word (i.e. walk, walked,
walking) and condensing all of the tokens in a text to their
root word increases the ease of analysis while at the same
time reducing inflectional forms. Lemmatization refers to
this process of taking each token and bringing it down into
its root form. The goal of lemmatization is to “. . . remove
inflectional endings only and to return the base or dictionary
form of a word” [48]. The dictionary form of a particular
word is referred to as the lemma for that word. The example
below (Figure 5) displays lists of possible words contained
in text data as well as the respective lemma for each list of
words.

Figure 5. Lemmatization Examples

6. Results

Prior to conducting this sentiment analysis, date meta-
data was scraped from each of the 80 articles to determine
the month and year that each article was published in (Figure
6). This date metadata was provided in a schema.org anno-
tation format within @type: NewsArticle and will provide
the team with further context for the sentiment analysis to
be conducted. We note all articles, except for one, were pub-
lished in 2021, with the majority of articles being published
in August and September 2021. This coincides with the
previously mentioned timeline regarding the United States’
complete withdrawal from Afghanistan.

Figure 6. Publication Dates for Scraped Articles, by News Organization

This sentiment analysis of four major news organizations
is based on 20 articles published by each of FOX, NBC,
CNN, and NPR regarding the United States’ withdrawal
from Afghanistan; the links for each of the articles used
within this analysis can be found in Table 1 within Appendix
A. It should be noted that though the team initially explored
this text data upon completion of textual pre-processing,
due to time constraints, the team decided to approach the
problem from a different angle. Each webpage is scraped
using the BeautifulSoup and urlopen libraries within Python,
then using NLTK’s VADER (Valence Aware Dictionary
and sEntiment Reasoner) Sentiment Intensity Analyzer, a
Polarity Compound score indicating the articles overall sen-
timent is calculated. This Polarity Compound score is a
normalized sum of the Positive, Negative, and Neutral scores
that ranges in value from -1 to 1, with positive values
indicating a positive sentiment, negative values indicating
a negative sentiment, and values close to 0 indicating a
more neutral sentiment. It should be noted that VADER’s
Sentiment Intensity Analyzer is pretrained and thus does



Figure 7. Sentiment Analysis for FOX News Articles

Figure 8. Sentiment Analysis for NBC News Articles

not require any training effort, making it ideal considering
the time constraints placed on this project.

The following Figure 7 displays the Polarity Compound
scores for each of the 20 articles regarding the United States’
withdrawal from Afghanistan that were published online by
FOX News. This figure displays that FOX is relatively split
between articles classified as having a positive sentiment
and those having a negative sentiment. With that being
said, the articles with positive sentiment tend to have a
stronger positive sentiment than those articles with negative
sentiments, in which case we see weaker negative sentiments
(indicated by polarity compound scores that are closer to 0
e.g., -0.158, -0.271).

The following Figure 8 displays the Polarity Compound
scores for each of the 20 articles regarding the United States’
withdrawal from Afghanistan that were published online by
NBC News. This figure displays that NBC tends to have
a largely negative sentiment within articles regarding this
controversial political decision. There were only two articles
out of the 20 that were used within this analysis that were
classified as having a positive sentiment. We note that of the
selected articles published, the majority have a very strong
negative sentiment, indicated by Polarity Compound Scores
that are either -1 or very close to -1.

The following Figure 9 displays the Polarity Compound
scores for each of the 20 articles regarding the United States’
withdrawal from Afghanistan that were published online by

Figure 9. Sentiment Analysis for CNN News Articles

Figure 10. Sentiment Analysis for NPR News Articles

CNN News. We note that, like NBC, CNN tends to have
a largely negative sentiment within the published articles
regarding this monumental decision. Only four of the 20
articles were classified as having a positive sentiment. Also,
we noted that the articles with a negative sentiment are
typically stronger than those with a positive sentiment for
the articles published by CNN.

The following Figure 10 displays the Polarity Compound
scores for each of the 20 articles regarding the United States’
withdrawal from Afghanistan that were published online
by NPR. We note that, like NBC and CNN, NPR tends
to have a largely negative sentiment within the published
articles regarding this monumental decision. Only six of the
20 articles were classified as having a positive sentiment.
Also, we noted that the articles with a negative sentiment
are typically stronger than those with a positive sentiment,
and most of the Polarity Compound scores for these articles
are both very strong (i.e. close to 1) and negative.

The following Figure 11 displays the Average Sentiment
for the four major news organizations FOX, NBC, CNN, and
NPR. The Average Sentiment of all 20 articles is determined
by calculating the average polarity compound score across
all articles published by each of the major news organiza-
tions previously mentioned. This figure aids in highlighting
the overall bias that is present within the articles published
by FOX, NBC, CNN, and NPR regarding the United States’
withdrawal from Afghanistan. We see that while FOX tends



Figure 11. Average Sentiment Analysis by News Organization

to be relatively neutral when reporting on this topic, there
is still a slightly positive overall bias present. In contrast,
NBC, CNN, and NPR all have a negative bias, with NBC
having a strong negative bias when reporting on the United
States’ decision to withdrawal completely from Afghanistan,
indicating their strong disapproval of this decision, and CNN
& NPR having a relatively moderate negative bias’.

In addition to determining the overall general sentiment,
we want to determine whether the articles published by
each of these four major news organizations tend to have a
Democrat, Republican, or Neutral leaning. Figure 12 depicts
the Polarity Compound scores for each of the 20 articles for
ABC, CNN, NPR, and FOX, with blue shades indicating
a more Democrat leaning, red shades indicating a more
Republican leaning, and white shades indicating a Neutral
leaning. It should be noted that the political leaning of an
article is determined by the value of its polarity compound
calculated by VADER. Polarity Compound values closer to
1 indicate a democrat tone and those values closer to -1
indicate a republican tone. CNN appears to have the most
neutral articles (though still Republican in leaning), with
only two articles having strong Democrat leanings, while
NBC and NPR are clearly the most Republican leaning in
nature as there are more deep red shades present in Figure
10. One surprising result from both Figure 11 and Figure
12 is that FOX typically tends to be more Republican in
nature, while NBC and CNN tend to lean more Democrat.
This result could be explained by the fact that there was
a change of presidency during the process of the United
States’ withdrawal from Afghanistan. Another explanation
for this surprising result for FOX News stems from the
information displayed above in Figure 3, which shows that
Republicans are fairly split regarding the United States’
decision to completed withdrawal from Afghanistan, with
only 56% of surveyed republicans supporting this decision.

7. Future Work

One potential area of future work regarding discovering
biases within articles published by major news organiza-
tion regarding the United States’ complete withdrawal from
Afghanistan includes creating a model that is unique to

Figure 12. Political Tone Analysis for Individual Articles by News Orga-
nization

the verbiage and context of these articles. Due to the time
constraints of the course, the team was unable to both
train and employ a Natural Language Processing model
with adequate accuracy. Since the team decided to use the
Polarity Compound scores for each article to represent the
articles political tone, another area for future work would
entail creating dictionaries and lists of keywords that are
representative of each political leaning (Democrat, Repub-
lican, or Independent).

8. Project Timeline

The following table (4) contains the proposed timeline
for this project, spanning the roughly 14 weeks of the
semester. It should be noted that the estimated due dates
listed below are subject to change as the project progresses.
The project timeline is divided into four sections: Project
Proposal, Project Milestone 1, Project Milestone 2, and
Project Final Report & Code. The details on these sections
and what these four sections entail is listed below.
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