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COMPARATIVE TEXT ANALYSIS ON A CLASSIFICATION TASK OF 
 

POLITICAL FAKE STATEMENT DETECTION 
 
 

Shalin Anilkumar Amin, MSCS 
The University of Texas at Dallas, 2018 

 
ABSTRACT 

 
 
 Supervising Professor:  Dr. Latifur Khan 
 
 
 
 
Automatic fake news detection is a very challenging problem especially in a fraud/deception 

detection and it has significant real-world political and social impact. During the 2016 US 

Presidential Election, the world saw many such cases. Thus, it is essential to address this socially 

relevant phenomenon. However, statistical approaches to combating fake news have been 

dramatically limited by the lack of a publicly available labeled dataset. Especially one with 

political news headline and their labels. Until now most of the research has been done on news 

articles or headline-article pair. But in this research, we emphasize only on political news 

headlines/statements spoken by political candidates or Facebook posts. 

This thesis explores different attempts on fake news detection task using a wide variety of 

natural language processing techniques. These techniques include extracting linguistic features 

from the statement, considering their predictive power by conducting feature engineering and 

topic modeling and determining the reputation of a speaker by his/her credit score, topic-speaker 

analysis, and word vectors. Using different classifiers, the overall approach is discussed. At the 

end, an attempt at stance detection is also discussed.        
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CHAPTER 1 

INTRODUCTION 

1.1 Background 

 Nowadays, social media has become a major part of our society. From the circulation of 

memes to staying in touch with contacts, it has enabled many ways of communication, which 

some might see as a blessing. However, a disadvantage that has recently started to attract more 

attention is the endless propagation of fake news. Fake news is a phenomenon where the content 

of a news article or statement does not correspond to the actual truth. It might be a mixture of 

false and true information or might be totally false information. Many social media users have 

fallen into this trap. 

 People have several reasons for spreading fake news such as monetary benefits, creating 

a chaos or it might be political benefits if he/she is a popular political candidate. Consider US 

Precedential Election 2016. Several voters were influenced by fake news, which had a significant 

impact on their choice of voting. It is quite observable that risk of spreading political fake news 

during the time of election is high. Fake news has become very controversial topic nowadays and 

consequences of it are feared by many. Thus, it is important to find a way to prevent people from 

believing falsity and influencing many crucial factors. 

 When it comes to politics and elections, In this past election cycle for the 45th President 

of the United States, the world has witnessed a growing epidemic of fake news. The plague of 

fake news not only poses serious threats to the integrity of journalism but has also created 

turmoil in the political world. The worst real-world impact is that fake news seems to create real-
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life fears: last year, a man carried an AR-15 rifle and walked in a Washington DC Pizzeria, 

because he recently read online that “this pizzeria was harboring young children as slaves as part 

of a child abuse ring led by Hillary Clinton”. The man was later arrested by police, and he was 

charged with firing an assault rifle in the restaurant. There are many such cases worldwide. 

 Researchers have explored many properties of fake news. It includes the purpose of a 

speaker, writing style, topics etc. There are promising results regarding the distinction between 

fake news and real news in terms of writing style. However, when it comes to statements, it is 

always hard to detect fakeness using pure text analysis and natural language processing 

techniques.   

1.2 Purpose of Thesis 

 This thesis mainly focusses on the possible linguistic features of fake news statements, 

and if they hold any predictive power regarding the distinction between fake and real statements. 

The prime reason for investigating news statements is because that is the factor that prompts a 

consumer to read an article. It is obvious that reader first read the statement and if it seems 

interesting to him/her, then the only reader will try to read the complete article in deep. As 

discussed earlier, fake statements made by political candidates can make a considerable 

influence on public’s mind, I have decided to work only on political news statements rather than 

news articles.  

 Another reason for that is, there is a lake of research when it comes to classifying fake 

news statements and a major cause for that is a lack of datasets. There are not many datasets 

available which contain labeled news statements related to politics. I have tried to work on 

different datasets and finally end up working with LIAR dataset which is explained in chapter 4. 
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 The biggest research question is “What are the linguistic features of fake news statements 

that make it distinguishable from real one and make it propagate?” In order to give a proper 

answer to this question, it is important to address few questions that will help us to shape the 

outcome of this research. 

1. Which NLP techniques can be used to extract linguistic features? 

2. How does wording affect the distinction between fake news and real news? 

3. Which linguistic features have the most predictive power regarding propagation and 

distinction? 

4. Is it possible to do topic modeling? 

5. Is it possible to do speaker analysis and if yes then what is its predictive power?  

  This thesis tries to answer these questions with explanation. Different approaches have 

been tried and implemented. After answering these questions, research on deep learning 

approaches also has been proposed at the end of this thesis. 

1.3 Thesis Outline 

As mentioned before, this thesis focusses on different NLP approaches and has been 

organized into 14 chapters. Below is the outline of each chapter. 

 Chapter 2 explains related works in the area of fake statement detection and their 

procedure. 

 Chapter 3 explores different datasets, those who could be possible to work on for this 

thesis. It also explores downside of each dataset and finally explains about selected 

LIAR dataset. 
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 Chapter 4 starts with a list of decided linguistic features, their advantages and downsides 

as well. Explanation on extracting such features, used python libraries etc. also have 

been added to this chapter. 

 Chapter 5 focusses on checking predictive power of each extracted features. Different 

methodologies on feature engineering also have been explored in this chapter. 

 Chapter 6 shows the importance of using N-grams in fake statement detection task. 

Word unigrams and bigrams and Part-of-Speech (POS) tagging bigrams and trigrams 

are introduced in this chapter along with their predictive powers. 

 Chapter 7 focusses on determining the reputation of a speaker using credit score 

provided by LIAR dataset. Features are extracted on this credit score. 

 Chapter 8 It also brings the concept of using topic modeling on fake news detection 

task. It contains topic extraction from the dataset, top keywords for each topic and 

probability of each topic presented in each news statement. This information is extracted 

using LDA (Latent Dirichlet Allocation) topic modeling. 

 Chapter 9 introduces possibilities of using deep learning models on fake statement 

detection task. It also proposes Hybrid Deep Model and its powerful impact on fake 

news detection task. 

 Chapter 10 includes the conclusion of entire thesis and future scope to work on more. 
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CHAPTER 2 

RELATED WORKS 

Thus far, there have been several approaches regarding topics close to fake news and 

statements, but, there is no proper analysis regarding that. Exploration of the methods conducted 

for similar tasks helps to gain insight into how to deal with fake news and statements. 

Satirical and fake news are closely related concepts so similarly in Rubin et al. (2016) the 

goal was to distinguish satire from real news by using textual features of satire. The dataset 

contains such satirical news articles and legal news articles. All features are extracted from 

satirical articles and goal was to find the optimal set of features to distinguish satirical articles 

from real ones. Many ML algorithms have been implemented and experimented to find best 

performing feature combination. For a baseline model, term-frequency inverse document 

frequency has been used. Features on grammar and punctuations caused high accuracy. Usually, 

satirical news articles contain more complex news statements. Finally, 87% F1 score has been 

achieved.   

With the use of wide variety of NLP techniques, Tan et al. (2014) determined the effects 

of changing the wording of a tweet regarding its degree of propagation. This research paper 

makes a use of the dataset consisted of tweets from several sources. These tweets contain the 

same URL but wording among them is quite different. Logistic regression was the main 

classifier applied to this data. Accuracy was 98.8%. To capture such wording information, total 

39 features have been extracted including pronouns, length, adjectives, sentiment, unigrams and 

bigrams, and retweet information. Along with these features, length, verbs, proper nouns, 

numbers, adjectives, and positive words were considered as relevant features.  
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 Contrarily, in Potthast et al. (2017) the goal was to classify fake news and determine if 

left- and right-wing are more alike than mainstream news. The BuzzFeed Fake News dataset, 

which contains articles manually fact-checked by journalists, was used. To inspect if left- and 

right-winged publishers are more alike, Unmasking was used. Features that were used were: n-

grams, stop words, POS tags, and dictionary features. However, making a distinction between 

hyperpartisan news and mainstream news yielded promising results. This paper gives an 

indication that classifying fake news still has a long way to go and there is certainly a need for 

better features that apply to fake news. It will assist with constructing a base of linguistic features 

and attempting to attain a better result than this. 

 The challenge of clickbait is pretty similar to that of fake news. Biyani et al. (2016) 

explored the possibility of clickbait detection in news streams. A large dataset with clickbait and 

non-clickbait articles was used, retrieved from various news sources. Gradient boosted decision 

trees were used and the features used were Part-of-Speech (POS) tags. Information gain was 

used to rank the features and get rid of the k-low scoring features. Finally, there were 7677 

features and a precision of 75.5% and 76% recall were achieved on the test set. What stood out 

the most was informality features, which capture the level of the readability since clickbait tends 

to use more informal language than legitimate news. The features used in this paper might prove 

to be useful since clickbait is closely related to fake news headlines and statements. 

 Potthast et al. (2016) used a different approach for the same task as above, where they 

used an annotated dataset with tweets to develop a clickbait model. The features were divided 

into three categories: teaser message, linked webpage and meta information. For teaser message, 

features that were used were, for instance, sentiment and sentence complexity. Logistic 
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regression, Naive Bayes and Random Forest were applied to the dataset whereas, for the metrics, 

precision, recall, and ROC-AUC were utilized. The discovery was that the teaser message 

features alone outperform the other features with all three algorithms. Especially n-grams, which 

capture the writing style. The results for ROC-AUC were 0.74 for Random Forest, 0.72 for 

Logistic Regression and 0.69 for Naive Bayes. The teaser message features can be applied to 

fake news statements and headlines since they seem to be successful for clickbait. 

A large problem in combating fake news is the lack of datasets. To improve that 

complication, Wang (2017) created the LIAR dataset, consisting of 12837 political statements by 

politicians, labeled with how true or false they are. The labeling process has been done by 

Politifact.com editors, a website dedicated to debunking political rumors. These statements can 

be used for fake news detection, as stated by the author. Also, because of the generous size of the 

dataset, it can be used for machine learning problems. By using logistic regression, SVM and bi-

LSTM, the aim was to find out if surface-level linguistic features do have an influence. The six-

way classification consisted of the following classes: pants on fire, false, 

mostly false, half true, mostly true and true. Using word-embeddings they achieved an accuracy 

of around 25% with SVM and logistic regression, while bi-LSTM appeared to suffer from 

overfitting. Another task was to see if a hybrid approach with meta-data would yield better 

results. With the use of a CNN, the accuracy increased to around 27%. Hence, it demonstrates 

that there is some scope for improvement. This dataset has been used in this thesis. 

 A source of inspiration for some more linguistic features that might give some insight on 

the propagation of fake news is Danescu-Niculescu-Mizil et al. (2012). The aim was to discover 

linguistic features that make a quote memorable. The generated dataset consisted of memorable 
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and non-memorable quotes from movies. The language model was trained and deployed to 

differentiate memorable and non-memorable quotes. The corpus used was the brown corpus 

provided by NLTK. Based on a built language model, the likelihood of words and POS tags has 

been calculated and used to generate feature set. Major distinct features were personal pronouns, 

indefinite articles, past tense and present tense. Initially, bag-of-words approach gave 59.57% 

accuracy. Using the distinct and general features, an accuracy increased to 64.66%. 

 From the above-explained researches and articles, it is possible to extract linguistic 

features from statements only and decide their predictive power. There is enough research done 

in fake news detection task but not enough related research available in an area of fake political 

statement detection. Approaches to detecting political statement fakeness would be little different 

than normal ones. In this thesis, linguistic features explained in above papers are extracted and 

innovative approaches have been introduced such as topic modeling, a credit score of a speaker 

and topic-speaker analysis followed by deep learning approaches and proposed deep model.    
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CHAPTER 3 

POSSIBLE DATASETS 

3.1 Introduction 

When it comes to detecting fakeness from normal news articles, there are a bunch of 

reliable data sets available. Popular datasets are (1) BuzzFeed Fake News Dataset, (2) Kaggle’s 

Fake News Dataset, (3) Fake News Challenge Dataset, (4) CredBank Dataset and (5) LIAR 

Dataset.  

These datasets are highly used in many research areas closely related to this thesis. Each 

dataset has its own characteristics and uses cases. We have considered each dataset and tried to 

decide whether it could fulfill requirements of this thesis (which mainly focusses on political 

fake statement detection) or not. Below is the summary of each explored dataset. 

3.2 BuzzFeed Fake News Dataset 

 Initially, the decision was made to use BuzzFeed Fake News Dataset for this thesis. The 

reason is it contains political Facebook posts labeled with how true or false they are. But after 

looking carefully at the dataset, the distribution of the labels across the dataset did not appear to 

consist of many fake labeled posts, in comparison to true posts. Another downside to this dataset 

was that the Facebook Graph API, to extract the headlines from the given links, would not be 

sufficient, since it is illegal to scrape Facebook without their permission. 

 The second problem is this dataset consists of Facebook posts, not statements. 

Additionally, most of these posts are from unknown users rather than popular political 
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candidates, which goes into different domain than this thesis. One idea was to consider only 

headlines of Facebook posts and table 3.1 is the distribution after extracting headlines only. 

Table 3.1: Distribution Over BuzzFeed News Dataset 

Ratings Mostly True Mixture  Mostly False  No factual 
contents  

Total 

Left  22 68 265 116 471 

Mainstream 0 8 1085 52 1145 

Right 82 169 319 96 666 

  

Originally BuzzFeed Fake News Dataset contains post link, account details, rating, # of 

shares, # of comments and # of reactions for each Facebook post. In total it contains near to 2200 

posts. It is quite observable that label distribution on BuzzFeed Fake News Dataset is highly 

biased towards false Facebook posts. Another problem is the size of the dataset. 2200 is not a 

sufficient number to apply proper machine learning techniques if we consider only headlines. 

Because of such problems, the decision was made not to use BuzzFeed Fake News Dataset. 

3.3 Kaggle’s Fake News Dataset 

 A major consideration was the Kaggle’s Fake News Dataset, which consists of news 

articles originating from known fake news sources. Though, that does not guarantee that every 

article from that kind of source can be deemed as fake. It might be so that in some instances, the 

news reported might turn out to be true, or is a mix of false and true information. Furthermore, 

looking at the data made it clear that the items in this specific dataset are a rather obvious and 

extreme version of the fake news, using certain formatting that makes it too obvious what is real 
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and what is fake, not solving the actual problem of when it is not immediately detectable with the 

human eye.  

This dataset does not fulfill the requirements of the thesis which only works on news 

statements. So, the decision was made not to use this dataset as well. 

3.4 Fake News Challenge Dataset 

 Dataset from the Fake News Challenge was considered. This challenge aims to use 

Artificial Intelligence to restrain the circulation of fake news. Nevertheless, a shortcoming of this 

was that the headlines were labeled by their stance toward the content of the article, i.e. does it 

agree with the article or is does the headline contain information that contradicts with the entire 

article? They opted for such a classification task because of the complexity that labeling an 

article as true or false brings with itself.  

 Another problem is statements in this dataset do not have labels about how true or false 

they are. It contains only stance labels and since this is a slightly different goal, this dataset was 

left behind as well. 

3.5 CredBank Dataset 

 The CredBank corpus was collected between mid-October 2014 and end of February 

2015. It is a collection of streaming tweets tracked over this period, topics in this tweet stream, 

topics classified as events or non-events, events annotated with credibility ratings. 

 This dataset is quite popular because of its immense size of 169 million tweets spread 

across multiple time bins. Problem with this dataset is most of these tweets are not related to 

political statements. The second problem is its labeling which mainly focusses on topics in a 
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tweet rather than fakeness in a tweet. Though this dataset appears to be the closest one with the 

research presented in this thesis, because of above downsides decision was made not to use this 

dataset as well.   

3.6 LIAR Dataset 

3.6.1 Overview 

 The LIAR Dataset (Wang (2017)) is a dataset consisting of 12836 short political 

statements yielded from Politifact.com. These statements are labeled with how true they are, thus 

indicating their degree of falsity as well. The dataset can be used for fake news detection, as 

suggested by the makers. The distribution is as in table 3.2. 

Table 3.2: Distribution of LIAR Dataset 

Pants-fire False Barely-true  Half-true Mostly-true True 

1047 2507 2103 2627 2459 2093 

 

As can be seen in table 3.2, there are some overlapping labels and the focus of this thesis 

is to be able to distinguish between fake and real news, only. Thus, the decision was made to 

create a new labeled dataset that captures the uniformity between the six labels, yet still do not 

discard essential information. This resulted in the following label distribution which can be seen 

in Table 3.3. It demonstrates the conversion from the old label to the new one. 

Table 3.3: New Distribution on LIAR 

False  Half-true  True 

5657 2627 4552 
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I have merged pants-fire, false and barely true labels into one label called “false” as all 

three represents falsity or lake of truth in a news statement. Half-true labels remain unchanged. 

The reason behind that is half-true labeled statements in LIAR dataset falls into “Unverified” 

category by Politifact.com. It wouldn’t be a wise decision to merge half-true labels with true or 

false labels. So, the decision was made to keep half-true labels unchanged. Finally, mostly-true 

and true labels are merged with “true” label as they both show the truthfulness of news 

statements. The good thing is after changing the labels, we are getting a well-balanced dataset 

and still not losing any information. This dataset directly relates to the main topic of this thesis; 

thus, the decision was made to use this dataset. 

3.6.2 Exploring LIAR Dataset 

 Along with political news statements, this dataset contains few important metadata as 

well. Below is the list of LIAR attributes and their meaning. 

1. Statement ID: Unique ID of news statement. 

2. Statement: Political short news statement spoken by the popular political candidate or a 

part of the Facebook post. 

3. Speaker: Person who spoke the statement. (Political candidate or Facebook post) 

4. Context: Occasion while speaker spoke the statement (presidential speech, posting, 

press conf. etc.) 

5. Label: Label of the truthfulness of given statement. This label is provided by 

Politifact.com. 

6. Party Affiliation: Name of the political party. (Democrats, republican etc.) 

7. Current Job of Speaker: Position of the speaker in the political world. 
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8. Home State: US State from which political person belongs to.  

9. Credit Score: The credit history includes the historical counts of inaccurate statements 

for each speaker. For example, Mitt Romney has a credit history vector h = (19; 32; 34; 

58; 33), which corresponds to his counts of “pants on fire”, “false”, “barely true”, “half 

true”, “mostly true” for historical statements. Since this vector also includes the count 

for the current statement, it is important to subtract the current label from the credit 

history when using this credit data vector in prediction experiments. 

The main goal of this thesis is to determine whether linguistic features extracted from news 

statements help us to differentiate between fake / real news or not. So, in next two chapters, we 

will focus on extracting basic yet powerful linguistic features and will check their predictive 

power. 

LIAR dataset statements are sampled from various of contexts/venues, and the top 

categories include news releases, TV/radio interviews, campaign speeches, TV ads, tweets, 

debates, Facebook posts, etc. To ensure a broad coverage of the topics, there is also a diverse set 

of subjects discussed by the speakers.   

3.6.3 Examples from LIAR Dataset 

 Below are the samples were taken from LIAR dataset to get more insight on it. It contains 

a statement, speaker, label, and justification. Remember that this justification is the ruling given 

by Politifact.com API and it is not a part of LIAR dataset and we never used it in our 

classification task as well. Table 3.4 represents a false example from LIAR. Table 3.5 represents 

a true example and the table 3.6 represents a half-true example taken from original LIAR dataset. 
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Table 3.4: False Example from LIAR Dataset 

Statement: The last quarter, it was just announced, our gross domestic product was below zero. 

Whoever heard of this? It’s never below zero. 

Speaker: Donald Trump 

Context: Presidential Speech 

Label: False 

Justification: According to Bureau of Economic Analysis and National Bureau of Economic 

Research, the growth in the gross domestic product has been below zero 42 times over 68 

years. That’s a lot more than “never.” We rate his claim Pants on Fire!  

 

Table 3.5: True Example from LIAR Dataset 

Statement: The Chicago Bears have had more starting quarterbacks in the last 10 years than 

the total number of tenured (UW) faculty fired during the last two decades. 

Speaker: Robin Vos 

Context: Wisconsin Assembly Speaker 

Label: True 

Justification: Vos said the Chicago Bears have had more starting quarterbacks in the past 10 

years than the number of UW faculty members who have been fired in the past 20 years. Six 

faculty members have been fired in the past two decades, while there have been nine different 

starting quarterbacks for the Bears in the past decade. We rate his claim True. 
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Table 3.6: Half-true Example from LIAR Dataset 

Statement: On the tax reform law, democratic leader “is promising to take it all away”.  

Speaker: Paul Ryan 

Context: Wisconsin Republican Press Conference  

Label: Half-true 

Justification: Democratic leaders in Congress have been harshly critical of the law, and have 

talked about the need to repeal or at least review most of it. But the tax reform law also 

provides tax benefits to the middle class, which the Democratic leaders have indicated they 

want to keep. For a statement that is partially accurate, our rating is Half True. 

3.6.4 Baseline  

As mentioned earlier, I am using LIAR dataset only throughout the entire thesis as it 

matches perfectly with the goal of this thesis. To measure the effectiveness of each machine 

learning model and attribute, I am using Accuracy parameter. To make a valid comparison, I am 

using baseline accuracy. From table 3.3, a prior probability of everything being classified as false 

would be around 43.2%, for half-true it would be around 20.49% and for true around 36.21%. 

Thus, the baseline accuracy taken is the highest of these, which is 43.20%. 

3.6.5 Conclusion 

 In this chapter, different datasets were explored with their advantages and disadvantages. 

Finally decided dataset was LIAR dataset for this thesis. Taken baseline accuracy is 43.20%. 
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CHAPTER 4 

LINGUISTIC FEATURES FROM LIAR DATASET 

4.1 Overview 

 To find the linguistic difference between fake and real news statements, some of the 

linguistic level features are extracted. The main purpose of extracting such features is to see 

whether is it possible at a low level to differentiate news statements or not. Remember the 

baseline accuracy value 43.20%.  

These features are extracted at syntactic and semantic level. Selection of these features 

heavily depends on related work that is done in this area or in the closer area. Below is the list of 

features extracted from political news statements. Not all features will be used in the final 

classification task. But we will see what does each feature mean and what is its extraction 

procedure if it is not trivial feature along with their predictive power. 

4.2 List of Linguistic Features 

Below are the features that turned out to be helpful in this classification task.     

1. Length: How long is/are the sentence/sentences on a word level? 

2. Length of Statement: How long is the statement on sentence level? 

3. Modality: Degree of certainty in a news statement.  

4. Mood: What is the mood of news statement? It could be one of below four possible 

moods. 

a. Imperative  
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b. Indicative 

c. Conditional 

d. Subjunctive 

5. Sentiments: Is it a positive or negative statement on a scale of -1 to +1? 

6. Subjectivity: How subjective is the statement on a scale of 0 to 1? 

7. Amount of Capital Letters: How many capital letters does the sentence contain?   

8. Ratio Capital Letters: How many capital letters do the sentence contain, in comparison to 

the number of words. This, because abbreviations tend to consist of capital letters only. 

Hence, the ratio is taken to get a feel of how much balance there is in the sentence. 

9. Amount Punctuation Mark: How many punctuation characters are there? 

10. Punctuation Mark: Does the sentence contains any punctuation marks or not? 

11. Amount Quotes - What is the number of quotes in the statement? 

12. Average Quote Length - The summed-up length of the quotes, divided by the number of 

quotes. 

13. Word n-grams: Sequence of n-grams till n=2. 

14. POS n-grams: Sequence of POS tags of statements for n=2 and n=3. 

15. Likelihood of Word n-grams: How likely is an occurrence of word n-gram used in news 

statements. Till n=2. 

16. Likelihood of POS n-grams: How likely is an occurrence of POS tags n-grams used in 

news statements. For n=2 and n=3. 

17. Commonness Score of Words: How many frequently-used words does a statement 

contain? 
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18. Commonness Score of POS tags: How many frequently-used POS tags does a statement 

contain? 

19. A number of Definite Articles - How many times does the word ‘the’ occur in the 

sentence? This gives an indication of the generality. 

20. A number of Indefinite Articles - How many times do the words ‘a’ and/or ‘an’ occur in 

the sentence? This, as well, gives an indication of the generality. 

There are total 23 diverse types of linguistic features extracted from news statements and 

decision was made to evaluate LIAR dataset on them. This feature set covers almost every key 

area of NLP and includes syntactic, semantic, word n-grams and structural features. 

4.3 Feature Extraction 

4.3.1 Moods, Modality, Sentiment, and Subjectivity 

4.3.1.1 Moods 

 Grammatical mood refers to the use of auxiliary verbs such as would, could etc.  

and adverbs such as definitely, maybe etc. to express uncertainty. I am using ‘pattern.en’ 

package to retrieve mood of the news statement since the language of the statements and 

headlines is English and its fine organized documentation made it a lot easier to work with. 

When feeding the sentence as an input, one of the four moods was returned. 

              The mood () function from pattern.en returns either indicative, imperative, subjunctive 

or conditional for a given parsed sentence. See table 4.1 for a detailed overview. 

 

 



 

20 

Table 4.1: Illustration on Different Moods 

Mood Form Use Example 

Indicative  None of the below Fact, belief It moves. 

Imperative  Infinitive without to Command, warning Don’t move. 

Conditional  Would, could, should, 

may, can + if 

Conjecture It might move. 

Subjunctive  Wish, it is + infinitive Wish, opinion I hope it moves. 

 

4.3.1.2 Modality 

            The modality function from same package ‘pattern.en’ returns the degree of certainty as a 

value between -1.0 and +1.0, where values > +0.5 represent facts. For example, "I wish it would 

stop raining" scores -0.35, whereas "It will stop raining” scores +0.75. Accuracy is about 68% 

for Wikipedia texts. 

Table 4.2: Modality Example 

Sentence Modality 

Says the Annie’s List political group supports third-trimester 

abortions on demand. 

0.25 

 

4.3.1.3 Sentiment 

For extracting sentiments from the news statement, there are several packages available 

such as Text Blob, NLTK, and pattern.en. 
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 Because of familiarity and higher accuracy (75% on movie reviews) of ‘pattern.en’ 

package, it is used to extract sentiments from news statements. The sentiment () function returns 

a (polarity, subjectivity)-tuple for the given sentence, based on the adjectives it contains, where 

polarity is a value between -1.0 and +1.0. Negative values represent negative sentiment, 0 

represents neutral sentiment and positive values represent positive sentiment. 

Table 4.3: Sentiment Example 

Statement  Sentiment  

Says the Annie’s List political group supports third-trimester 

abortions on demand. 

0 – Neutral  

 

 

4.3.1.4 Subjectivity 

 Same sentiment () function has been used to get subjectivity value from the news 

statements. The function returns subjectivity in a range of 0 to +1. Zero stands for total objective 

statement and +1 stands for the total subjective statement. Any values between 0 to +1 show a 

degree of subjectivity for a given news statement. 

Table 4.4: Subjectivity Example 

Sentence Subjectivity 

Says the Annie’s List political group supports third-trimester 

abortions on demand. 

0.1 – Objective 
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4.3.2 Word and POS tags n-gram Likelihood 

4.3.2.1 Word n-grams Likelihood 

 To capture occurrences of unigram and bigrams of words, another type of feature is 

introduced called ‘word n-gram likelihood’. Basically, a language model is trained over the 

generous size of the corpus and using this language model, the likelihood of word unigrams and 

bigrams are calculated. Finally, to calculate the likelihood of entire statement, multiplication was 

done overall unigrams or bigrams available in the statement. 

 To develop the language model, Reuters corpus was used. Reuters corpus is retrieved 

from NLTK consists of 15437 news articles categorized over more than 30 categories. The same 

model has been discussed in Danescu-Niculescu-Mizil et al. (2012) as well, where they used the 

Brown corpus instead of Reuters corpus. The decision was made to use Reuters corpus because it 

is entirely made up of news articles and size is large enough to train and develop a powerful 

language model. By using the language model, an insight is gained over word complexity and 

sentence structure. To develop the language model, word unigrams and bigrams frequencies are 

calculated and their probabilities as well. Once the model is trained, it is used to obtain 

likelihood of LIAR news statements for word unigrams and word bigrams. Purpose of obtaining 

such likelihood is to determine whether a sentence contains more prevalent words or unusual 

wordings or not. A lower likelihood of statement indicates a lesser occurrence and higher 

likelihood makes it more likely for a statement to occur. In total two features are extracted. 

1. Word unigram likelihood 

2. Word bigram likelihood 



 

23 

4.3.2.2 POS n-grams Likelihood 

 Purpose of retrieving word n-grams is to capture wording information that could 

distinguish fake news from real news. It is old but very powerful NLP technique for text 

classification task. But the downside is it is not able to capture statement’s syntactic structure. 

Related works show that fake news articles and statements usually contain the uncommon 

syntactic structure and to capture this fact, POS tags are retrieved.  

 To extract POS tags from text, a powerful POS tagger is used called ‘SpaCy. NLTK is 

another good option but the selection of choosing SpaCy over NLTK is made. One reason for 

that is SpaCy is way powerful than NLTK when it comes to computation. It is written in C++, 

which is lower level powerful programming language close to machine language. SpaCy’s POS 

tagger for the English language is trained over very large Wikipedia corpus and it provides total 

16 distinct types of POS tags. 

 Using SpaCy, POS tag sequence is generated from Reuters corpus and language model is 

trained over it. Frequencies and likelihood of POS bigrams and POS trigrams are calculated 

using language model. Once the language model is trained, the likelihood of POS n-grams for 

LIAR statements is calculated. Finally, below are the two extracted features. 

1. POS tags bigrams likelihood 

2. POS tags trigrams likelihood 

POS unigrams are not calculated as SpaCy contains only 16 distinct unigrams for POS. 
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4.3.3 Word and POS tags Commonness Score 

4.3.3.1 Word Commonness Score 

 Language model trained over Reuters corpus was explored in the previous section. Now 

using the same type of language model, commonness score for words is extracted for word 

unigrams and word bigrams. Purpose of extracting such features is to check whether a statement 

contains more frequently-used words or more uncommon words. This might help us to capture 

difference wordings between fake and real statements. 

 To extract these features, frequencies of words in Reuters corpus is investigated and cut-

off value is decided equal to 500. Reason for this cutoff is explained later in this section. Now to 

calculate the score, entire news statement is looped over and for each n-gram, its frequency 

lookup is done in Reuter corpus. If this frequency value is greater than decided cutoff value than 

the score is incremented by 1 otherwise by 0. The idea is if news statement contains n-grams 

which are not frequent (as per the language model) then that statement gets low commonness 

core. Lower commonness shows higher chances of a statement being fake because of more non- 

prevalent n-grams. 

 To understand the calculation of commonness score, consider this example. A sentence is 

“Says the Annie’s List political group supports third-trimester abortions on demand.” Now, after 

training language model over Reuters corpus, the frequency of words is obtained. The cutoff 

value is 500 for word unigrams. Consider table 4.5 frequency table. Now based on table 4.5 and 

cutoff value, commonness score for a sentence over word unigrams is 0+0+0+1+0+1+0+0+0+0 

= 2. Same commonness score is calculated for word bigrams as well but the different cutoff 

value is used as bigrams are less likely to occur than unigrams. The cutoff for bigrams is 50. 
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Table 4.5: Frequency Table 

Political  650 

Supports  505 

Abortions 300 

Says 455 

 

These cutoffs are decided after carefully looking at the frequency distribution of words in 

Reuters corpus. For examples, consider table 4.6. Words below the frequency 500 started to 

become more topic specific. That’s why the decision was made to keep unigram cutoff equal to 

500 and the same procedure was done for bigram cutoff as well. 

Table 4.6: Frequency Distribution of Words Near k=500 in Reuters Corpus 

Ministry 520 

Subsidiary 518 

Forecast  515 

Gulf  494 

Reuters  491 

Soviet  484 

 

Finally, below two features are extracted. 

1. Commonness Score for Word Unigram 

2. Commonness Score for Word Bigrams 
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4.3.3.2 POS Commonness Score 

 To capture POS sequence structure in LIAR news statements, POS commonness score is 

also calculated. Procedure and the language model used is almost same as word commonness 

score. The only difference is instead of words, I considered POS tag sequences this time.  

 Again, different cutoff values are tested and the final decision was made to use cutoff 

value = 1000 for POS bigrams and 1200 for POS trigrams. Reason for using such large numbers 

is a limited number of POS tags provided by SpaCy. For example, for word bigrams there are 

many distinct bigrams are possible but for POS bigrams not much variety is found. So, 

frequencies of POS n-grams are generally higher than word n-grams for any value of n. 

Two new features are added to the feature set. 

1. POS Commonness Score for Bigrams  

2. POS Commonness Score for trigrams 

4.4 Conclusion 

 In this chapter, we explored a wide variety of linguistic features and implemented 

powerful NLP techniques. In total, 22 distinct linguistic features are extracted and have been 

used in this thesis to differentiate between fake news and real news statements at surface level. 
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CHAPTER 5 

FEATURE ENGINEERING 

5.1 Overview 

In chapter 4, important looking linguistic features are extracted. Now, to check the 

predictive power of each feature, the decision was made to first apply basic machine learning 

models on all 22 features and then perform feature engineering to eliminate ineffective features. 

Baseline accuracy is 43.20% so, any model whose performance is under baseline has been 

removed for feature engineering task. 

5.2 Basic ML Algorithms on 22 Features 

 For determining model performance, “accuracy” parameter is used. Precision and recall 

are also two other important parameters for determining model performance but accuracy overall 

shows domination of both. So, the decision was made to use accuracy only for this thesis. 

 Initially, different machine learning algorithms are applied just to get an intuition of how 

machine learning classifiers perform over our 22 linguistic features. Below is the list of their 

accuracy. Just for a reminder, this is 3-class classification problem and to avoid overfitting 5-fold 

cross-validation is used. 

By observing the table 5.1, Naïve Bayes is underperforming below the baseline. Straight 

reason for this is, Naïve Bayes works on independence assumption and in case of text, two words 

usually depend on each other. Highest accuracy is achieved by Gradient Boosting, and Ada 

boosting, SVM and Logistic Regression are giving promising accuracy as well.  
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Table 5.1: Accuracies on 22 Linguistic Features 

ML Models Accuracy 

Naïve Bayes  37.71 

K-NN (n = 25) 44.28 

Extra Tree 44.18 

Random Forest C. (trees = 50) 45.50 

Ada Boosting  46.48 

Support Vector Machine (kernel = rbf) 46.63 

Support Vector Machine (kernel = poly, n=3) 44.69 

Logistic Regression 46.66 

Gradient Boosting  46.73 

   

 Now to come up with an optimal set of features from these 22 features, different feature 

engineering techniques have been explored. List of techniques is below: 

1. Feature Correlation  

2. Univariate Feature Selection 

3. Recursive Feature Elimination 

4. Recursive Feature Elimination using CV 

Each of these techniques is explained, implemented and observed properly. At the end of 

each technique, an optimal set of features is obtained and final feature set is determined in the 

last section of this chapter. 
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5.3 Plots of Discoveries 

 Before moving to the above four feature engineering techniques, it is important to 

understand each feature visually and get to know about them in deep. 

 Each feature has some distribution density over each class. The distribution density helps 

to understand how well particular feature differentiates its data over classes. To understand this 

in more depth, violin plots shown in figure 5.1 have been used for a distinct set of features. 

1. Violin plot between “the count” and “an a count” 

2. Violin plot between “sentence length” and “word length” 

3. Violin plot between “unigram score” and “bigram score” 

4. Violin plot between “bigram likelihood” and “unigram likelihood” 

5. Violin plot between “bigram POS score” and “trigram POS score” 

6. Violin plot between “moods”, “modalities”, “sentiments” and “subjectivities” 

7. Violin plot between “quote count” and “quote average length 

8. Violin plot between “capital to word ratio” and “capital amount”
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Figure 5.1: Violin Plots of Different Sets of Linguistic Features 
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 One way to interpret these violin plots is to observe median of distribution for each of 

three labels. If these median lines are not well separated then they don’t provide good 

information for classification. The second use of violin plots is to look at the shape of the 

distribution for all three classes and compare it with other features. The similar shape represents 

higher chances of having a linear correlation.    

After observing violin plot of “bigram likelihood” and “unigram likelihood”, the decision 

was made to drop both features permanently because of their very sparse distribution. “Quote 

count” and “quote average length” are having an almost same distribution over all three classes. 

It directly shows a high correlation between them. The same type of high correlation has been 

observed for “capital to word ratio” and “capital amount”.  

Moods, modality, sentiment, and subjectivity are having contrasting distribution plots 

which show a lesser correlation between them. But the median lines of all these features for three 

classes are not well separated from each other which means these features aren’t having good 

individual predictive power. 

 Overall, the same type of violin distribution shows that those features are having a linear 

relationship with each other and in machine learning, it is always a good practice to use only one 

of those features and drop remaining ones. To get more insight on the linear relationship between 

features and which features to drop, joint plots are used. The advantage of using joint plots is 

they give “pearsonr” value and linear relationship plot. Pearsonr is the coefficient ranges 

between -1 to +1 and higher value (usually > 0.7) shows high linearity. Consider figure 5.2. 

Below is the list of joint plots used in this thesis. 

1. Sentence length and word length 
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2. The capital amount and capital to word ratio 

3. Punctuation count and is punctuation  

4. the count and a/ a count 

5. Bigram likelihood and unigram likelihood 

6. Unigram score and bigram score 

7. Bigram score POS and trigram score POS 

8. Quote count and quote average length 

9. Moods and modality 

10. Sentiment and subjectivity 
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Figure 5.2: Joint Plots with Pearsonr Value 
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During violin plots interpretation, quote count, and average quote length both seem to be 

correlated and after looking at their pair plot, it becomes easier to say. Pearsonr rank is 0.82 for 

them. Bigram score POS and trigram score POS has pearsonr rank 0.96, which shows a very 

high correlation between them. Unigram score and bigram score are having pearsonr equals to 

0.8. Capital to word ratio and capital amount are having 0.71 pearsonr value.  

Along with pearsonr, the p-value is also calculated in joint plots between a pair of 

features. Higher p-value directly indicates ineffectiveness of features in a classification task. 

 Additionally, to get a direct idea of the predictive power of each feature, swarm plots in 

figure 5.3, figure 5.4, and figure 5.5, have been plotted and observed. Below is the list of three 

swarm plots. Basically, it shows how well the LIAR dataset is separated by every feature over 

given three classes. 

 

Figure 5.3: Swarm Plot 1 
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Figure 5.4: Swarm Plot 2 

 

Figure 5.5: Swarm Plot 3 
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Here 0 means “false”, 1 is “half-true” and 2 is “true” class from LIAR dataset. By now, 

enough discoveries have been made by just plotting and visualizing diverse types of plots 

between the linguistic features. These discoveries will be used in further sections along with 

feature engineering techniques to get an optimal set of features on LIAR dataset.         

5.4 Feature Correlation Technique  

Feature correlation technique helps to observe correlations among all features. If two 

features are having high correlation then it is good practice not use one of those features. 

If the correlation between any two features is less, then those two features are highly independent 

of each other which helps our model to gain more insight. Below is the initial heat map overall 

22 features. Heatmap is in figure 5.6. 

The color bar with the below heat map shows the intensity of correlation between any 

two features. Dark color shows very low correlation value and lighter color represents higher 

correlation. High correlated feature pairs are observed here to get an optimal set of features. 

Below are the important topics after observing figure 5.2:   

1. Word length. unigram score, bigram score, bigram score POS and trigram score POS are 

having a high correlation with each other. 

2. Capital amount is having a high correlation with capital to word ratio. 

3. Quote count is having a high correlation with quote average length.  

From (1), (2) and (3), any one feature can be used and remaining ones can be dropped. The 

reason is to avoid confusion for machine learning models when they deal with multiple highly 

correlated features. 
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Figure 5.6: Correlation Heat Map Over 22 Linguistic Features 
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It is a crucial decision to decide which feature has to be dropped and which has to  

be used in classification. So, plot discoveries from section 5.3 have been used along with above 

three topics to decide below set of optimal linguistic features on LIAR dataset. 

1. Sentence length 

2. Bigram score  

3. Capital to Word Ratio 

4. Punctuation mark 

5. Trigram score likelihood 

6. Is punctuation 

7. Trigram score POS                 

8. The count 

9. A/An count 

10. Quote average length 

11. Moods 

12. Uni likelihood 

13. Modalities                              

14. Sentiments 

15. Subjectivities 

Accuracy on these optimal features is in table 5.2. Compared it with old accuracies over using all 

22 features. After observing the table 5.2, accuracy improvement is not observed at all and this 

failure inspired me to work on more feature engineering techniques in this thesis. 
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Table 5.2: Accuracy Table on 15 Optimal Features from Correlation Technique 

ML Models Old Accuracy New Accuracy 

RFC (n=50)  45.50 45.39 

Adaboost  46.48 46.03 

SVM (rbf) 46.63 45.75 

Logistic Regression 46.66 46.30 

Gradient Boosting 46.73 46.65 

5.5 Univariate Feature Selection Technique 

In univariate feature selection, “SelectKBest”, the technique has been used that removes all but 

keep k highest scoring features. The score has been assigned based on the predictive power of 

each feature. Scikit-Learn provides an inbuilt library to implement this technique. 

The decision was made to choose k=10 as it is required to decide desire no. of features 

before. Here, k=5 or k=15 could also have been possible but k=10 giving the highest accuracy 

over all possible values of k. After successfully implementing this technique over LIAR’s 22 

linguistic features and using the plot discoveries from section 5.3, below is the list of optimal 10 

features. 

1. Word length 

2. Punctuation count 

3. Bigram score  

4. Capital to Word Ratio 

5. Trigram score POS                 

6. The count 
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7. Quote average length 

8. Moods                             

9. Sentiments 

10. Subjectivities 

Observe accuracy table 5.3 over these 10 optimal features. The comparison is made by using all 

22 linguistic features as well. Here slight accuracy improvement is observed. 

Table 5.3: Accuracy Table on 10 Optimal Features from Univariate Feature Selection Technique 

ML Models Old Accuracy New Accuracy 

RFC (n=50)  45.50 45.62 

Adaboost  46.48 46.23 

SVM (rbf) 46.63 46.26 

Logistic Regression 46.66 46.40 

Gradient Boosting 46.73 46.42 

5.6 Recursive Feature Elimination Technique (RFE) 

This technique makes a use of machine learning classifier and tries to assign weights to 

each feature based on their individual predictive power. Those features whose absolute weights 

are smallest have been pruned from the feature set. The procedure has been recursively repeated 

on the pruned set until the desired number of features are obtained.  

Different classifiers have been tested and different sets of optimal features have been 

obtained to decide final set to optimal features which works fine with the major of used 

classifiers in this thesis. Just like previous univariant method, 10 optimal features are obtained 
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and tested on ML models for LIAR dataset. SVM and Adaboosting do not provide support for 

recursive feature elimination method. 

5.6.1 RFE on Logistic Regression 

Below is the list of top 10 selected features after applying RFE method using logistic regression 

classifier. 

1. Word length 

2. Punctuation count 

3. Unigram score  

4. Capital amount 

5. Capital to Word Ratio 

6. Bigram score POS                 

7. Trigram likelihood score  

8. Moods                             

9. Sentiments 

10. Bigram likelihood 

Accuracy comparison is in table 5.4. 

The second column represents accuracy on using all 22 linguistic features and the third column 

represents accuracy on above 10 optimal features. 

Table 5.4: Accuracy Table on 10 Optimal Features from RFE Technique Using LR 

Model Old Accuracy New Accuracy 

Logistic Regression 46.66 46.80 
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5.6.2 RFE on Random Forest Classifier and Gradient Boosting  

Below is the list of top 10 selected features after applying RFE method using random forest 

classifier. 

1. Bigram score 

2. Punctuation count 

3. Unigram score  

4. Capital amount 

5. Capital to Word Ratio 

6. Bigram score POS                 

7. Trigram likelihood POS 

8. Moods                             

9. Sentiments 

10. Modalities  

Accuracy comparison is in table 5.5. 

Table 5.5: Accuracy Table on 10 Optimal Features from RFE Technique Using RFC 

Model Old Accuracy New Accuracy 

Random Forest  45.50 45.70 

 

Below is the list of top 10 selected features after applying RFE method using gradient boosting 

classifier. 

1. Word length 

2. Punctuation count 
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3. Unigram score  

4. Bigram score 

5. Capital to Word Ratio 

6. Bigram score POS                 

7. Trigram score POS 

8. Unigram likelihood                      

9. Sentiments 

10. Modalities  

Accuracy comparison is in table 5.6. 

Table 5.6: Accuracy Table on 10 Optimal Features from RFE Technique Using GB 

Model Old Accuracy New Accuracy 

Gradient Boosting 46.73 47.00 

5.7 Recursive Feature Elimination Using Cross Validation (RFECV) 

Slight improvement in accuracy has been observed for all three above explained 

classifiers. The noticeable thing is similar or slightly higher accuracies are obtained even after 

using only 10 features from a total of 22. Above explained methods do have one downside which 

is selecting a number of desired features. Every time it must be mentioned explicitly and its 

always confusing (needs a lot of experiments) to select an optimal number of features.  

To overcome this problem, RFECV method has been introduced. This method not only 

finds the best set of features but also finds how many features needed for getting best accuracy. 

Again, this method also makes a use of machine learning classifier to obtain end results like 

recursive feature elimination method.   
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5.7.1 Recursive Feature Elimination Using Cross Validation with Logistic Regression 

Below is the list of the optimal set of 15 selected features after applying RFECV method (with 

CV=5) using logistic regression classifier. This feature set gives the highest accuracy over LR. 

1. Word length 

2. Punctuation count 

3. Is punctuation 

4. Unigram score  

5. Bigram score 

6. A count 

7. Bigram likelihood 

8. Capital to Word Ratio 

9. Capital amount 

10. Bigram score POS                 

11. Trigram score POS 

12. Unigram likelihood                      

13. Sentiments 

14. Quote average length  

15. Trigram likelihood POS 

Accuracy comparison is in table 5.7. 

Table 5.7: Accuracy Table on 15 Optimal Features from RFECV Technique Using LR 

Model Old Accuracy New Accuracy 

Logistic Regression 46.66 46.86 
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Consider figure 5.7. It shows accuracy effect over using different numbers of features. Observe 

that highest accuracy is obtained on features = 15. And the list of these 15 features is as above. 

Again, this is the final optimal set of features on logistic regression for LIAR dataset. 

  

Figure 5.7: Plot of number of features selected vs. accuracy on LR 

Recursive Feature Elimination Using Cross Validation with Random Forest 

Below is the list of the optimal set of 13 selected features after applying RFECV method (with 

CV=5) using random forest classifier. This feature set gives the highest accuracy over RFC. 

1. Word length 

2. Punctuation count 

3. Unigram score  

4. Bigram score 

5. Modalities  

6. Capital to Word Ratio 

7. Capital amount 

8. Bigram score POS                 
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9. Trigram score POS 

10. Moods              

11. Sentiments 

12. Quote average length  

13. Trigram likelihood POS 

Accuracy comparison is in table 5.8. 

Table 5.8: Accuracy Table on 13 Optimal Features from RFECV Technique Using RFC 

Model Old Accuracy New Accuracy 

Random Forest 45.50 45.80 

 

Consider figure 5.8. Peak point on this plot is on features = 13. 

 

Figure 5.8: Plot of number of features selected vs. accuracy on RFC 
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5.7.2 Recursive Feature Elimination Using Cross Validation with Gradient Boosting 

Below is the list of the optimal set of 15 selected features after applying RFECV method (with 

CV=5) using gradient boosting classifier. This feature set gives the highest accuracy over GB. 

1. Word length 

2. Punctuation count 

3. Unigram score  

4. Bigram score 

5. Modalities  

6. Subjectivities 

7. Unigram likelihood 

8. Capital to Word Ratio 

9. Capital amount 

10. Bigram score POS                 

11. Trigram score POS 

12. Moods              

13. Sentiments 

14. Quote average length  

15. Trigram likelihood POS 

Accuracy comparison is in table 5.9. 

Table 5.9: Accuracy Table on 15 Optimal Features from RFECV Technique Using GB 

Model Old Accuracy New Accuracy 

Gradient Boosting 46.73 47.00 
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Observe figure 5.9. Peak point on this plot is on features = 15. 

 

Figure 5.9: Plot of number of features selected vs. accuracy on GB 

Conclusion After carefully observing each feature selection method and plot discoveries, the 

final decision was made to use above 15 features (explained in section 5.7.2). This is the optimal 

set of features who gives promising accuracy over all major classifiers used in this thesis. For 

future, these 15 optimal features will be used for further research and will be combined along 

with other methodologies on a fake statement detection task. 

Table 5.10: Accuracy Table on Optimal Set of 15 Linguistic Features 

Models New Accuracy Old Accuracy 

SVM 46.80 45.50 

LR 46.86 46.48 

Ada Boosting  46.80 46.63 

G. Boosting 47.00 46.66 

RFC 45.75 46.73 
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CHAPTER 6 

N-GRAM SEQUENCE ANALYSIS ON LIAR DATASET 

6.1 Overview 

After carefully observing the impact of each linguistic feature, the final set of optimal 

features have been obtained. Along with these optimal features, the decision was made to work 

on N-gram sequences of words and part of speech (POS) tags. N-grams, in the field of 

computational linguistics and probability, is a contiguous sequence of n items from a given text 

data. It’s been widely used in NLP area to capture wording information provided by the given 

text. In this thesis, the decision was made to work on below four types of N-gram sequences. 

1. Word Unigram 

2. Word Bigram 

3. POS Bigram 

4. POS Trigram 

This thesis is making use of powerful NLP libraries called “SpaCy” and “Scikit Learn” for 

Determining such N-gram sequences from given news statements. For POS, SpaCy provides 

total 16 different part of speech tags. 

Important thing while working on N-grams is to determine a cutoff value for an item the 

Frequency. It’s not a clever idea to use all words while generating N-gram sequences as it could 

lead to the very sparse dataset. So, the decision was made to do detailed N-gram analysis for 

each of extracted N-gram and decide it’s optimal cutoff value. This cutoff value is the value of 
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frequency for N-grams of word/POS. If a word/POS N-gram has higher frequency value than the 

cutoff, then it has been used in the N-gram sequences, otherwise, it has been discarded. 

6.2 Word Unigram Sequence Analysis 

 For word unigram, the decision was made to start with cutoff (k) = 50 and go till k = 300 

with the increment of 25. Different length of N-grams has been generated and tested over major 

classifiers used in this thesis. This also gives an insight into which classifier will perform well 

for which cutoff value. 

6.2.1 Word Unigram on SVM 

Consider figure 6.1. 

  

Figure 6.1: Plot of Word Unigrams SVM. Accuracy (y-axis) vs. Cutoff Values 

 After carefully observing this plot, the decision was made to keep cutoff value = 150. The 

reason is on 150, accuracy is very good and we are not losing much wording information. 
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Observe that highest accuracy is on k = 50, but we are losing a good amount of information for 

that cutoff which is not a good choice for test accuracy. 

6.2.2 Word Unigram on LR 

Consider figure 6.2. 

  

Figure 6.2: Plot of Word Unigrams LR. Accuracy (y-axis) vs. Cutoff Values 

 After carefully observing this plot, the decision was made to keep cutoff value = 150. The 

reason is on 150, accuracy is very good and we are not losing much word information.  

6.2.3 Word Unigram on Gradient Boosting 

Consider figure 6.3. After carefully observing this plot, the decision was made to keep 

cutoff value = 150. The reason is on 150, accuracy is very good and we are not losing much 

word information. Here, 150 gives the highest accuracy on gradient boosting classifier.  
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So overall, k = 150 gives promising accuracy over all four discussed classifiers. On k = 

150, not much word information (vocabulary) is discarded and dataset in not much sparse (Does 

not contain a lot more zeros). Sparse dataset might confuse ML models by hiding valuable 

information and less vocabulary size ignores important words that help ML models to classify 

between fake statements and real statements.  

   

Figure 6.3: Plot of Word Unigrams GB. Accuracy (y-axis) vs. Cutoff Values 

6.2.4 Word Unigram on Ada Boosting  

After carefully observing figure 6.3, the decision was made to keep cutoff value = 150. 

The reason is on 150, accuracy is good and we are not losing much wording information. 

Observe that highest accuracy is on k = 275, but dataset has become too sparse for this cutoff. 

Consider figure 6.4. So, the final decision was made to use word unigram cutoff k =150. Table 

6.1 is the accuracy table on using word unigram sequence (k=150). Compared it with 22 
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linguistic features to get a basic insight of how ML classifiers are affected with this word 

unigrams 

 

Figure 6.4: Plot of Word Unigrams AB. Accuracy (y-axis) vs. Cutoff Values 

Table 6.1: Accuracy of Word Unigrams 

Models Accuracy on Word Unigrams Accuracy on 22 Linguistic Features 

SVM 47.26 46.63 

Adaboosting 47.31 46.48 

Gradient Boosting 48.63 46.73 

LR 50.04 46.66 
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 Observe that accuracy has improved for all four classifiers and it’s a direct indication of 

the effectiveness of using word unigram sequence as one of the features. To get more insight on 

N-gram sequences decision was made to work on word bigrams as well.  

6.3 Word Bigram Sequence Analysis 

 Unlike unigrams, bigram can focus on word pair cooccurrences rather than focusing on 

single words. It would be interesting and worth to determine whether bigram sequences can 

distinguish fake news headlines or not. For word bigram, the decision was made to start with 

cutoff (k) = 20 and go till k = 120 with the increment of 20. Different length of bigrams has been 

generated and tested over major classifiers used in this thesis. This also gives an insight into 

which classifier will perform well for which cutoff value. 

6.3.1 Word bigrams on SVM 

Consider figure 6.5. 

  

Figure 6.5: Plot of Word Bigrams SVM. Accuracy (y-axis) vs. Cutoff Values 
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 After carefully observing this plot, the decision was made to keep cutoff value = 100. The 

reason is on 100, accuracy is very good and we are not losing much word pair information. 

Observe that highest accuracy is on k = 20, but we are losing a good amount of information for 

that cutoff which is not a desirable choice for test accuracy. 

6.3.2 Word Bigram on LR 

Consider figure 6.6. After carefully observing this plot, the decision was made to keep 

cutoff value = 100 like section 6.3.1. Highest accuracy is on 120 but it’s still quite similar to the 

accuracy at k = 100. K = 100 works best for other classifiers as well.  

 

  

Figure 6.6: Plot of Word Bigrams LR. Accuracy (y-axis) vs. Cutoff Values 
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6.3.3 Word Bigram on Gradient Boosting 

Consider figure 6.7 graph. After carefully observing this plot, the decision was made to 

keep cutoff value = 100.  

   

Figure 6.7: Word Bigram on Ada Boosting 

Consider figure 6.8. 

   

Figure 6.8: Plot of Word Bigrams AB. Accuracy (y-axis) vs. Cutoff Values 

After carefully observing this plot, the decision was made to keep cutoff value = 100.  
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 So, the final decision was made to use word bigram cutoff k =100. Table 6.2 is the 

accuracy table on using word bigram sequence (k=100). Compared it with 22 linguistic features 

to get a basic insight of how ML classifiers are affected with this word bigrams. 

Table 6.2: Accuracy of Word Bigrams 

Models Accuracy on Word Bigrams Accuracy on 22 Linguistic Features 

SVM 44.38 46.63 

Adaboosting 47.56 46.48 

Gradient Boosting 46.61 46.73 

LR 47.25 46.66 

  

Observe that accuracy has not enough improved for all four classifiers and it’s a direct 

indication of the ineffectiveness of using word bigram sequence. After looking at this, the 

decision was made to discard word bigrams and not to go ahead with word trigrams. 

6.4 POS Bigram Sequence Analysis 

 The problem with word N-gram is it can only capture words based dependency for fake 

news classification. It fails when it comes to syntactic structure. Research shows that syntactic 

structure of news statements or articles might help classifier to distinguish between fake and real. 

So, the decision was made to work on POS (part-of-speech) tags N-gram. For POS 

bigram, the decision was made to start with cutoff (k) = 25 and go till k = 175 with the increment 

of 25.  
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Different length of POS bigrams has been generated and tested over major classifiers 

used in this thesis. This also gives an insight into which classifier will perform well for which 

cutoff value. 

6.4.1 POS bigrams on SVM 

Consider figure 6.9. 

  

Figure 6.9: Plot of POS Bigrams SVM. Accuracy (y-axis) vs. Cutoff Values 

 After carefully observing this plot, the decision was made to keep cutoff value = 50. The 

reason is on 50, accuracy is very good and we are not losing much POS pair information. 

Observe that highest accuracy is on k = 25, but we are losing a good amount of information for 

that cutoff which is not a desirable choice for test accuracy. 

6.4.2 POS Bigram on LR 

Consider figure 6.10. After carefully observing this plot, the decision was made to keep 

cutoff value = 50 like figure 6.9. Highest accuracy is on 75 but it’s still quite similar to the 

accuracy at k = 50. K = 50 works best for other classifiers as well.  
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Figure 6.10: Plot of POS Bigrams LR. Accuracy (y-axis) vs. Cutoff Values 

6.4.3 POS Bigram on Gradient Boosting 

Consider figure 6.11. After carefully observing this plot, the decision was made to keep 

cutoff value = 50.  

   

Figure 6.11: Plot of POS Bigrams GB. Accuracy (y-axis) vs. Cutoff Values 
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6.4.4 POS Bigram on Ada Boosting  

Consider figure 6.12. 

   

Figure 6.12: Plot of POS Bigrams AB. Accuracy (y-axis) vs. Cutoff Values 

After carefully observing this plot, the decision was made to keep cutoff value = 50. So, 

the final decision was made to use POS bigram cutoff k =50. Table 6.3 is the accuracy table on 

using POS bigram sequence (k=50). Compared it with 22 linguistic features to get a basic insight 

of how ML classifiers are affected with this POS bigrams. 

Table 6.3: Accuracy of POS Bigrams 

Models Accuracy on POS Bigrams Accuracy on 22 Linguistic Features 

SVM 47.69 46.63 

Adaboosting 48.30 46.48 

Gradient Boosting 47.21 46.73 

LR 48.00 46.66 
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Observe that accuracy has improved for all four classifiers and it’s a direct indication of 

the effectiveness of using POS (part-of-speech) bigram sequence. After looking at this, the 

decision was made to use POS bigrams. 

6.5 Combining N-gram with Optimal Features 

 After looking effectiveness of N-grams, it’s worth to combine them with an optimal set 

of features (obtained in chapter 5). First, the decision was made to work on combining 15 

optimal features with word unigrams (k=150) and the same for word bigrams and POS bigrams. 

Consider table 6.4 for word unigram + 15 optimal features, consider table 6.5 for word bigrams + 

15 optimal features and consider table 6.6 for POS bigrams + 15 optimal features. 

Table 6.4: Accuracy of Word Unigram + 15 Optimal Features 

Models Accuracy on Word Unigrams + 

15 Optimal Features 

Accuracy on 22 Linguistic Features 

SVM 48.50 46.63 

Adaboosting 48.60 46.48 

Gradient Boosting 50.70 46.73 

LR 50.00 46.66 

 

After carefully observing table 6.4, 6.5 and 6.6, only word unigrams are giving promising 

accuracy over all four major classifiers. In case of word bigrams and POS bigrams, accuracy is 

still improving but not enough to consider. So final decision was made to discard word bigrams 

and POS bigrams. 
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Table 6.5: Accuracy of Word Bigram + 15 Optimal Features 

Models Accuracy on Word Bigrams + 

15 Optimal Features 

Accuracy on 22 Linguistic Features 

SVM 46.50 46.63 

Adaboosting 46.20 46.48 

Gradient Boosting 47.80 46.73 

LR 48.00 46.66 

 

Table 6.6: Accuracy on POS Bigram + 15 Optimal Features 

Models Accuracy on POS Bigrams + 15 

Optimal Features 

Accuracy on 22 Linguistic Features 

SVM 48.00 46.63 

Adaboosting 47.20 46.48 

Gradient Boosting 48.50 46.73 

LR 48.50 46.66 

   

6.6 Conclusion 

 After carefully observing above four sections, the decision was made to use only word 

unigrams (k=150). An attempt was made to work on POS trigrams but obtained accuracies were 

less than the baseline (43.20%) accuracy. So final decision was made to discard POS trigrams as 

well word bigrams and POS bigrams. 
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CHAPTER 7 

CREDIT SCORE ANALYSIS OF SPEAKER 

7.1 Overview 

 Multiple NLP approaches have been applied till now and highest accuracy obtained is 

50.70 on Gradient Boosting classifier by using 15 optimal features and word unigrams. This 

accuracy is higher than baseline but not promising to make any final decision about fake 

statement detection task. Reason for such low accuracy is lack of text data. So it’s better to add 

additional metadata given by LIAR dataset along with text data to achieve higher accuracy than 

50.70%. 

 To experiment, the decision was made to work on given credit score of the speaker. 

LIAR dataset provides credit score vector along with news statement and some other metadata 

like speaker name, home state, venue etc. A credit score is the important topic of this chapter. 

 For example, person X has a credit score vector h = {10,20,30,40,50}. It means that 

person X has made 10 pants on fire statements, 20 false statements, 30 barely-true statements, 40 

half true statements and 50 true statements. This thesis is dealing with 3-class classification 

problem instead of original 6 class classification problem. So, the decision was made to combine 

above credit score vector into a vector like h = {60,40,50}. Which means person X has made 60 

false statements (pants fire + false + barely true), 40 half-true and 50 true statements. For a sake 

of simplicity above credit, score vector has been normalized between 0 to 1 to make 

understanding easy for ML models.  
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Finally, three new features have been generated (false score, half-true score, and true 

score). Along with this other metadata like speaker name, home state, political party and position 

of person also have been added. Remember that these meta-features contain categorical values 

(range between 0 to 3000), so the decision was made to normalize them within a range of 0 to 

10.  

Consider table 7.1 after using credit score features along with old features. 

Table 7.1: Accuracy on Credit Score Features + 15 Optimal Features + Unigrams 

Models Accuracy on Credit Score Features + 

Meta Data + 15 Optimal Features + 

Unigrams 

Accuracy on 15 Optimal 

Features + Unigrams (NLP 

features) 

SVM 57.90 48.50 

Adaboosting 57.45 48.60 

Gradient Boosting 59.70 50.70 

LR 60.00 50.00 

  

Observe that improvement in accuracy is very impressive. This is understandable because 

credit score vector has been used as features. Credit score directly indicates the reputation of the 

speaker by telling the number of inaccurate statements spoken by a speaker. This directly help 

ML models to distinguish between fake and real statements. 

7.2 Conclusion 

 Accuracy improvement is quite promising after using credit score vector along with other 

NLP features. This thesis mainly focuses on detecting fakeness from political statements and in 
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the field of politics, it’s not a challenging task to get such credit score for any popular political 

candidates. There are few websites who provide such credit score such as Politifact.com. But in-

general fake statement detection task, it’s hard to get such credit score vector for every speaker.   
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CHAPTER 8 

TOPIC MODELING AND TOPIC-SPEAKER ANALYSIS 

8.1 Overview 

In NLP, topic modeling is one of the powerful unsupervised approaches for detecting 

hidden topics from the given set of documents. In recent researches, topic modeling has made a 

significant difference, especially in text classification problems. Detecting hidden topics from 

text might help ML models to distinguish between classes. There are many topic modeling 

algorithms available to work on but this thesis mainly focuses on one of the popular topic 

modeling approach called “Latent Dirichlet Allocation (LDA)”. It is an unsupervised machine 

learning algorithm works on Dirichlet probability distribution and detects the probability of each 

hidden topic (No. of hidden topics are based on users).  

8.2 Topic Modeling on LIAR 

 After applying different NLP techniques on LIAR text, the decision was made to work on 

topic modeling approach and extract topic probability features. But before that, it’s important to 

decide how many numbers of topics to use. The only way of doing this is to apply LDA 

algorithm on different topic numbers and then based accuracy, decide an optimal number of 

topics. 

 The decision was made to use 10 topics on LIAR dataset. To determine what are these 10 

topics, top 10 keywords have been observed and the name is assigned to each topic number 

provided by LDA algorithm. Below is the list of 10 topics over which LIAR dataset is evenly 
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distributed. Top keywords are also given for few topics to understand this approach more deeply. 

Here, a topic in statement basically represents the presence of certain words and it’s important to 

capture the information like on which topic, the more fake news is spread. This information 

helps ML models to classify fake statements and real statements. 

1. Economy 

2. Healthcare – {‘health’, ‘insurance’, ‘voted’, ‘medical’, ‘money’} 

3. Taxes – {‘taxes’, ‘state’, ’billion’, ‘budget’, ‘federal-tax’} 

4. Federal-budget  

5. Education 

6. Jobs 

7. State Budget 

8. Candidate Biography 

9. Elections 

10. Immigrations – {‘immigration’, ‘deported’, ‘H1B’, ‘family-immigration’, ‘visa’} 

LDA gives probabilities of above 10 topics for all LIAR news statements and using these 

probabilities as features insight is gained about the effectiveness of using topic modeling. 

From table 8.1, observe that only using 10 topic modeling features, accuracies are almost 

similar to the accuracies obtained by using our NLP features such as 15 optimal features and 

word unigrams. It’s a clear indication that topic modeling is helping ML models to classify 

between fake or real in good context. So, the decision was made to use these 10 topic features 

along with our linguistic features. 
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Table 8.1: Accuracy of Topic Modeling 

Models Accuracy on Topic Modeling 

Probabilities (n=10) 

Accuracy on 15 Optimal 

Features + Unigrams (NLP 

features) 

SVM 49.24 48.50 

Adaboosting 49.16 48.60 

Gradient Boosting 49.15 50.70 

LR 50.50 50.00 

 

Table 8.2 is the accuracy table after combination. 

Table 8.2: Accuracy on Topic Modeling + NLP Features 

Models Accuracy on Topic Modeling 

Probabilities (n=10) 

New Accuracy on Topic Modeling 

(n=10) + 15 Optimal Features + 

Unigrams (NLP features) 

SVM 49.24 52.88 

Adaboosting 49.16 50.78 

Gradient Boosting 49.15 51.50 

LR 50.50 53.40 

 

Accuracy is improving for all four classifiers. It’s possible that a speaker is more 

interested in spreading the fake news on the particular topics. To determine this information 
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decision was made to use speaker name feature along with topic probabilities to observe ML 

model behavior.  

After observing the table 8.3, accuracy is improving but not enough improvement is 

there. So, the decision was made to do detailed analysis in topic-speaker area. 

Table 8.3: Accuracy on Topic Modeling + NLP Features + Speaker Name 

Models New Accuracy on Topic Modeling 

Probabilities (n=10) + Speaker + 15 

Optimal Features + Word Unigrams 

Accuracy on Topic Modeling 

(n=10) + 15 Optimal Features 

+ Unigrams (NLP features) 

SVM 52.90 52.88 

Adaboosting 52.15 50.78 

Gradient Boosting 52.00 51.50 

LR 53.90 53.40 

8.3 Topic Speaker Analysis 

 LIAR dataset contains many different speakers belong to different political parties and 

some of them are unknown bloggers as well. Missing speaker name is replaced by ‘UNK’ special 

token represents unknown speaker name. Idea is, there is a high chance that particular speaker is 

spreading a lot more fake news on a particular topic. It would be quite helpful to detect fakeness 

score of each speaker over different 10 topics. This information might help ML models to 

capture differentiation between classes. There are total 3318 speakers in LIAR dataset. 

 For example, speaker X has made 344 statements in total. From them, 250 are false 

statements. Here major interest is determining fakeness from the statements and that’s why only 
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fake statements have been considered in this analysis. Now LIAR dataset is distributed over 10 

topics so using LDA topic modeling, it’s easy to determine the major topic for each statement 

(consider the highest probability). So, from 250 fake statements, 150 belongs to “education” 

topic and 100 belongs to “healthcare” topic. So, topic fakeness score for “education” would be 

150/250 = 0.60. Similarly, such topic fakeness scores have been obtained over all 10 topics for 

all speakers. 

 10 new features have been added to capture topic-speaker information. For example, 

speaker X has vector h = {0.60,0,0.20,0,0.20,0,0,0,0,0}. It means speaker X has made 0.60% of 

his fake statements on topic number 0 (for example education), 0.20% of his fake statements on 

topic number 2, 0% of his fake statements on topic number 3 etc. These features directly give an 

insight of a behavior of speaker on telling fake statements on particular topics. 

 After extracting 10 topic fakeness features decision was made to first check their 

predictive power alone. Consider table 8.4. 

Table 8.4: Accuracy on Topic Fakeness Score 

Models Accuracy on Topic Modeling 

Probabilities (n=10) + Speaker + 15 

Optimal Features + Word Unigrams 

New Accuracy on Topic 

Fakeness Score only (n=10) 

SVM 52.90 56.21 

Adaboosting 52.15 52.50 

Gradient Boosting 52.00 58.26 

LR 53.90 57.00 
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 Accuracies on topic fakeness score are beating the accuracies obtained after using topic 

modeling, speaker, 15 optimal features and word unigrams. It directly shows that topic fakeness 

approach is very much effective on LIAR dataset. These accuracies are almost similar to the ones 

obtained via credit score features (chapter 6). After looking at this promising result, the decision 

was made to combine these 10 topic fakeness features with other old features. Consider table 8.5 

to observe new accuracies. 

Table 8.5: Accuracy on Topic Fakeness Score + Old Features 

Models Accuracy on Topic Modeling Probabilities (n=10) + Speaker + 15 

Optimal Features + Word Unigrams +Topic Fakeness Score (n=10) 

SVM 57.00 

Adaboosting 54.20 

Gradient Boosting 62.80 

LR 59.10 

8.4 Conclusion 

 Approaches such as determining topic fakeness score for each speaker and doing topic 

modeling on total 10 topics are quite successful and giving promising results over LIAR dataset. 

In the end, the decision was made to combine credit score features and other metadata as well to 

see final accuracy on LIAR after combining every successful approach. Consider table 8.6 for 

final accuracies. Observe that highest accuracy is on Gradient Boosting with 67.08%. Logistic 

Regression is giving 66.50%. On the other hand, SVM and Ada Boosting are slight 

underperforming with 60% and 60.47% respectively.    
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Table 8.6: Final Accuracy After Combining All Successful Approaches 

Models Accuracy on Topic Modeling Probabilities (n=10) + Metadata + 15 

Optimal Features + Word Unigrams +Topic Fakeness Score (n=10) + 

Credit Score Features 

SVM 60.00 

Adaboosting 60.47 

Gradient Boosting 67.08 

LR 66.50 

 

Below is the final list of used features on political fake statement detection task. 

1. 15 Optimal Linguistic Features 

2. Unigram Word Sequences (k=150) 

3. Topic Modeling Features (n=10) 

4. Topic Fakeness Score for Each Speaker (n=10) 

5. Credit Score Features  

a. False Statement Score 

b. Half-true Statement Score 

c. True Statement Score  

6. Meta Data  

a. speaker, home state, political party and position of speaker 

Note that all accuracies are on five-fold cross-validation. 
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CHAPTER 9 

DEEP LEARNING APPROACHES AND PROPOSED MODEL 

9.1 Overview 

 In the previous chapters, the discussion was done on how NLP approaches help fake 

political statement classification problems. Different NLP approaches have been tested and 

observed on many ML classifiers. The highest accuracy obtained is 67.08% on the Gradient 

Boosting classifier. 

 This also opens a way to apply deep learning approaches on the same LIAR dataset. 

LIAR contains in total 12837 news statements. Dataset is not that huge but enough to test deep 

learning algorithms on it. Deep learning now a day becoming more and more powerful approach 

in many applications including text classification, stance detection, image classification etc. 

Especially for text classification, many types of research have been done and deep learning 

approaches seem to overtake basic ML algorithms. 

 To explore the power of deep learning and to determine whether deep learning is an 

innovative idea on LIAR dataset or not, the decision was made to work on different deep 

learning algorithms such as Artificial Neural Network (ANN), Convolutional Neural Network 

(CNN) and Long Short-Term Memory (LSTM). In the end, proposed deep learning model is also 

discussed with its modified structure details. 
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9.2 Global Vectors for Word Representation (GLOVE) 

 While using deep learning, it’s a clever idea to use and explore word vectors approach. In 

NLP, word vectors are the vector representation of words in imaginary vector space. This vector 

space is multi-dimensional space and for each word, it coordinates are assigned as a word 

vectors. To train such word vectors, huge text corpus is needed.  

 During the training of word vectors, word similarities and semantics are the major 

parameters to consider. If word vectors are trained properly then two semantically similar words 

should get similar word vectors (cosine similarity between them should be less). But in case of 

LIAR dataset, it’s not large enough to train own word vectors. So, the decision was made to 

make a use of transfer learning. Stanford University provides efficient and pre-trained word 

vectors called “GLOVE”. GLOVE is a pre-trained word vector trained on large Wikipedia 

corpus contains a total of 2.2M unique words (vocabulary size) and 840B tokens. Vector 

dimension is 300. 

 It’s a huge and sufficient set of word vectors and as per the research paper of GLOVE by 

Stanford, GLOVE is much more efficient and computationally fast word vectors representation 

compare to other normal word vectors. Use of GLOVE has been made in many of deep learning 

approaches discussed in successive sections. 

9.3 Artificial Neural Network (ANN) 

 In the last section of chapter 7, list of used features has been discussed and to start with 

deep learning, the decision was made to feed all those features into the artificial neural network. 

Here five-fold cross validation is done. Sample structure of ANN is in figure 9.1. 
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 Purpose of using ANN is to capture non- linearity between features. To do so, “ReLU” 

activation function has been used. ReLU stands for the rectified linear unit. It is the most popular 

activation function to break linearity between features and capture the prominent level of non-

linearity which is sometimes not possible to capture by using simple ML models. 

 ANN used in this thesis contains 3 hidden layers with 200 units each. A total number of 

attributes are 192 including all features explained in section 7.4.  

 

Figure 9.1: Sample Architecture of ANN 

 To avoid overfitting, dropout has been applied with a probability of 0.4. Different values 

of hyperparameters have been tested. “Keras” library is being used throughout this thesis for 

deep learning.  After training table 9.1 is the accuracy table on the validation set. 
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Table 9.1: Accuracy of ANN 

Model Training Set Validation Set 

ANN 82.77 62.24 

 

Accuracy is promising but it’s still not beating the accuracy obtained by Gradient 

Boosting classifier (67.08%). 

9.4 Convolutional Neural Network (CNN) on GLOVE 

 As discussed in section 8.2, using GLOVE word vectors with CNN/LSTM has been a 

great combination of text classification task. That’s why for the experiment, the decision was 

made to use simple CNN architecture on GLOVE word vectors. To do so, embedding layer has 

been used to convert news statements into GLOVE vectors and then feed them to the 

convolutional neural network. CNN might capture important dependencies from word vectors 

because of its special type of structure. 

    

Figure 9.2: Sample Architecture of CNN 
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 An architecture of CNN used in this thesis contains one embedding layer followed by 2 

pairs of convolutional and max-pooling layer. Convolutional layer contains ReLU activation 

function. Last max pooling layer is followed by flattening layer to convert 3D data into 2D. 

Finally, fully connected ANN is applied on the 2D data obtained from flattening layer. In last, 

SoftMax layer is applied to get probabilities of all three classes. Consider table 9.2. 

Table 9.2: Accuracy of CNN 

Model Training Set Validation Set 

CNN 89.17 48.33 

9.5 Long-Short Term Memory (LSTM) on GLOVE 

 Using CNN with GLOVE word vectors has failed to give promising accuracy. To 

experiment more with GLOVE and capture word vector semantics, a special type of recurrent 

neural network has been experimented called LSTM. Figure 9.3 is the module structure of 

LSTM. 

   

Figure 9.3: Architecture of LSTM Module 
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 The recurrent neural network contains self-loop that feeds back the output within it. 

Because of its special structure, it can capture and remember long-range word dependencies. 

LSTM is a special type of recurrent unit contains four interacting layers. These layers together 

decide what amount of information is discarded, what information is added and what information 

is passed forward as output. LSTM also contains cell state mechanism to remember long range 

words and their dependencies. 

 Table 9.3 is the accuracy table of LSTM on GLOVE word vectors over LIAR dataset. 

Total 2 LSTM layers have been used with 128 units each followed by final SoftMax layer. 

Table 9.3: Accuracy of LSTM 

Model Training Set Validation Set 

LSTM 88.17 45.33 

 

Accuracy is very bad again and the probable reason for that is GLOVE word vectors are 

not sufficient alone to distinguish between real news and fake news statements. 

9.6 Proposed Deep Learning Model 

 Artificial Neural Network has worked well on normal NLP features but CNN and LSTM 

both have failed on GLOVE word vectors. It might be because alone, word vectors are not able 

to capture information from news statements and metadata. So final decision was made to 

construct modified deep learning model that could make a use of word vectors and NLP features 

along with metadata. Figure 9.4 is the structure of the proposed deep model.  

1. GLOVE word vectors on news statements are passed through CNN structure. 

a. 2 pairs of Conv and MaxPooling layers.  
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2. Features like speaker name, party etc. metadata are passed through LSTM structure to 

capture dependencies between them as LSTM is powerful in terms of capturing long-

range dependencies from the text. 

a. 1 layers of 128 LSTM units. 

3. Other features like word unigrams, 15 optimal features, topic modeling, topic fakeness 

score features and credit score features are passed through ANN structure parallelly to 

above two structures. 

a. 2 Hidden layers with 512 units each. 

Consider below architecture to understand proposed model in more depth.  

     

Figure 9.4: Proposed Deep Model 
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 Once features are passed through these three structures parallelly, concatenation has been 

done via concatenation layer in the end. This layer is followed by final SoftMax prediction layer 

which contains 3 units for 3 classes. Table 9.4 is the accuracy table on the proposed deep model.   

Table 9.4: Accuracy of Proposed Deep Model 

Model Training Set Validation Set ANN CNN LSTM 

Proposed Deep Model 85.70 65.50 62.24 48.33 45.33 

 

Accuracy on the proposed deep model is very promising and beating all the accuracies 

obtained by previous deep learning approaches. It’s still not beating the accuracy obtained by 

Gradient Boosting (67.08%) but it surely opens a door to experiment more on applying deep 

learning approaches on a classification task of political fake statement detection. 

9.7 Conclusion 

 In this chapter, different deep learning algorithms have been discussed and tested on 

LIAR dataset. Final proposed deep model is also discussed and it's giving promising accuracy 

(65.50%). It’s still not beating the accuracy obtained by simple ML model and a major reason for 

this is huge dataset requirement by deep learning models. 12837 statements are not being enough 

to capture proper classification information. So, in future, if more such news statements become 

available then these deep learning approaches would work much better than ML algorithms. 

Especially there is a lot of chances of improvement for the proposed deep model if the dataset is 

huge enough. 
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CHAPTER 10 

CONCLUSION 

10.1 Conclusion 

This thesis started with experimenting different linguistic level features on LIAR news 

statements. Total 22 linguistic features have been extracted to capture syntactic and semantic 

information from political news statements. The accuracy achieved on these features was not 

quite impressive so the decision was made to work on feature engineering. 

 Total 4 feature engineering techniques have been applied along with feature visualization 

discoveries. Finally, an optimal set of 16 linguistic features has been obtained and remaining 

features have been discarded. These 16 features are not quite effective but giving good starting 

accuracies. 

 N-gram sequence analysis has been done on LIAR dataset. Word unigrams and bigrams, 

as well as POS bigrams and trigrams, have been generated. Most effective n-gram sequences are 

word unigrams. They improved overall accuracy on major classifiers significantly. Along with 

NLP features, additional metadata like credit score and speaker name have been added to the 

feature set. Credit score features improved accuracy by almost 10-12%. Topic modeling and 

topic speaker analysis have been done to improve the accuracy further.  

 Highest accuracy achieved is on Gradient Boosting = 67.08% (for 3-class classification 

problem with baseline 43.20%). Various deep learning approaches also have been applied and 

results on the proposed deep model are quite impressive (65.50%). Word vectors alone have 

failed to obtain promising accuracy. 
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10.2 Future Scope 

Below is the list of future possible scope for this thesis. Just as a reminder, this thesis is dealing 

with detecting fake news statements mainly related to politics. 

1. Apply other popular NLP techniques such as Term-Frequency Inverse 

Document Frequency (TFIDF), Dependency Parsing approach etc. to capture 

more in-depth wording information and syntactic structure information. 

2. Increase the size of the LIAR type dataset by extracting more political labeled 

statements from rumor debunking websites. 

3. Modify proposed deep model to capture more information and improve its 

performance. 

4. Use a concept of stance detection along with used NLP features. Stance is the 

relationship between the headline and news statements. It is a quite popular 

approach to debunk the rumor. 

5. Maintain and update fake statement score (credit score), topic modeling score 

and topic fakeness score for each popular political speaker.        
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