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ABSTRACT

The revolution in the digital age to the information age to the growth of social
networks into go-to news sources and primary information pools has seen a
change in the conventional approach to political information dissemination. This,
unfortunately, also saw social media abuse through targeted mis- and dis-
information to sway public opinion for political gain. Applied machine learning
was a solution that bears promise. This research proposal explored the next level
in Automated Machine learning to track and classify fake news in the Kenyan
environment targeted on the Facebook Platform by applying Natural Language
Processing at scale in renowned cloud computing frameworks.

This study would build multiple models and select the superior one for the final
deployment of inaccurate word scenarios.

Keywords: adaptive boosting, machine learning, ensemble model, traditional
machine learning, fake news, misinformation, disinformation.
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ACRONYMS

ANN - Artificial Neural Network

AU-ROC - Area under Receiver Operating Characteristic Curve
AutoML - Automated Machine Learning

BERT - Bidirectional Encoder Representations from Transformers
DTM/TDM — Document Term Matrix/Term Document Matrix
F1 - harmonic mean between TPR and FPR

FN - False Negative

FP - False Positive

FPR - False Positive Rate

IDF-TF/TF-IDF - Inverse Document Frequency - Term Frequency
MLP (Mlp) — Multi-Layer Perceptron

ML — Machine Learning

NCIC - National Cohesion and Integration Commission

NLTK - Natural Language Toolkit

ODK - Open Data Kit

RELU - Rectified linear unit

SGD (sgd) — Stochastic Gradient Descent

TF-IDF - Term Frequency - Inverse Document Frequency

TN - True Negative

TP - True Positive

TPOT - Tree-based Pipeline Optimization

TPR - True Positive Rate

VADER -Valence Aware Dictionary and Sentiment Reasoner



GLOSSARY

Artificial Neural Network - This is a commonly used and very effective neural
network for various machine learning cases.

Bidirectional Encoder Representations from Transformers - It was a deep
neural network modeling technique designed to pre-train two-way directional
representations from the unlabeled text.

Natural Language Toolkit - This is a python library for natural language
preprocessing, including tokenization, removal of stop words, and stemming of
similar words.

PyCaret - This is a low-code ML library in Python, fast-tracking data pre-
processing to deployment in minutes.

Rectified linear unit - This is a deep neural network activation function

Term Frequency - Inverse Document Frequency —This calculation assesses
how relevant a word in a series or corpus was to a text.

Valence Aware Dictionary and Sentiment Reasoner - This is a python package
for polarity sentiment analysis commonly used for classifying the sentiment of
comments based on their polarity.

MlIp — This is a fully connected class of feedforward artificial neural network
consisting of multiple layers of perceptrons.

SGD - This is one of the efficient approaches to fitting linear both binary and
multi-class classifiers and regressor lines under convex loss functions. Commonly
used for SVM’s and Logistic Regression
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CHAPTER ONE: INTRODUCTION

1.1 Background of the Study

The digital age and improved internet connectivity have led to the scale-up in use and access to
social networks. These social media networks were at the heart of communication strategies for
governments and private entities. They continue to become the central platform for
disseminating essential information on various topics and also our topic of interest - political
information by (Abdulrauf, 2016) the information consumption and content creation was high
before, during, and after both national and elections. This seasonality also strongly aligns with
the five-year periods after every significant election and every time a constitutionally mandated
reason for carrying out a by-election arises. They have been various computing approaches
applied to the problem. Machine learning models have been widely applied to solve this
problem. These have ranged from pure neural networks in deep learning to ensemble models,
which improve on these traditional deep learning models. We explored the broad application of
existing solutions and how this informed our study.

We focused on Facebook, which is not only a market leader in its category but the
world's largest content distributor, yet not a news or broadcasting channel. Facebook, currently
in Kenya, as of June 2021, had a market share of 56.16% (StatCounter GlobalStats, 2021). It
widely proliferated political information and content to many Kenyan consumers in the country
and across the globe. With its ability to effectively disseminate large volumes of political
information that consisted of all multimedia forms to target individuals and groups alike had
rendered it a target to many news agencies of a formal nature and also, unfortunately, peddlers
of mis- and disinformation. In most extreme cases, these ill-intending entities were criminal
organizations, think tanks bent on influencing Kenyans to take a particular political view, and
most politicians who wanted to generate influence and shape opinions genuinely and at
whatever cost and accuracy of the information shared. Though detecting fake news is
challenging, avoiding mass disinformation and misinformation is essential.

Fake news existed even before digital content became widely increased across the globe.
Majorly fake news has various ill intents and typically takes one of two forms: - mis- or
disinformation. At the same time, the latter means spreading false information, regardless of the
intent to mislead. The former was the deliberate conscious effort to spread information that was
not accurate and false with the intention to draw gains as a result of disbursing this information.
While most vulnerable and targeted consumers were concerned with what was honest and
accurate news on the internet, specifically on social media (Newman et al., 2020).

The very fabric of democracy is hinged on healthy politics and information sharing that
typically consists of Facebook being at the forefront. The era of the digital age evolved to usher
in social media and its ability to narrow the borders between counties in Kenya. When used for
ulterior motives, there was a threat to democracy, as indicated by (Madowo, 2019). While
regulation in news and journalism had been enhanced to reduce dis- and mis- information, the
exception and weak areas in governance and application of these reforms were limited by the
lack of robust regulations on Facebook in the country. The unhealthy competition rife in politics
in Kenya before, during, and after every election cycle fueled the need to propagate falsehoods



for political gain or to curtail the popularity of a target competitor. Fake news was widely used
to target the vulnerable. In the digitized world, information bias and asymmetry, even when the
information was widely shared, enhanced these ills and motivated the entities at the forefront of
spreading fake news in the political cycles of Kenya. The efforts to spread it were so well
organized, involving a lot of resources and technical know-how from various parties who had
commercialized several aspects of the processes and created a business model.

Facebook had tried self-policing and enhanced mitigation measures on propagating mis-
and disinformation during primary elections for first-world countries. But, never in third-world
or resource-constrained countries like Kenya where the violence was more disruptive to the
economy and loss of lives was immediate and tragic. While working closely with Cognizant, it
had become apparent that no form of or approach to content moderation or autonomous machine
learning-driven system would ever be entirely infallible for these challenges and risks, while we
recognize that those in power would be unrelenting as they continue to pursue durable solutions,
for now, the local Kenya Government and citizenry must remain vigilant and stay on guard
against both mis- and dis-information and stay skeptical of every aspect of what they read unless
validated by multiple news sources pointing to the same facts for corroboration purposes.
Machine learning and artificial intelligence algorithms had been deployed in a semi-autonomous
design to work closely with content moderators in a man-in-the-middle approach. This was far
from sufficient to tip the scales of catching and sieving all harmful forms of political mis- and
disinformation in the Kenyan geography sense, let alone global scale. The challenge with
multiple native languages and weak translation engines, mainly where the languages were not
spoken in a pure sense, further complicated the problem (Facebook, 2020) | sought to solve.

1.1.1 Setting the context: Global and local perspective.

Social media provides the primary medium for consuming information in sovereign states. The
sentiment towards governments could also be improved, worsened, or completely polarized using
social networks. The human right of freedom to information was at risk owing to the nature of
the information and the apparent growing inaccuracies of the shared information at a vast global
scale (Kertysova, 2018).

Facebook is the market leader in this space. It accounts for a vast amount of mis- and dis-
information being propagated. This practice has been documented extensively. The scenario
worsened because the content did not belong to the social network firms or service providers, so
they could not be held accountable and charged legally (Watson, 2021). It was estimated at the
global level that fake news on engagements leads and spurs more site visits than any category of
news or information on Facebook, the target social media platform for our research. The numbers
stand at 210 million engagements on FaceBook, which is close to the volume on major news sites
(Allcott et al., 2018).



Figure 1: Facebook Engagement
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The graphs above by (Allcott et al., 2018, pg8) show the impact of Fake news on
engagements. Fake news sites increase Facebook engagements at the highest rate compared to
business and culture sites, major news sites, and small news sites. The ideal reality should,
however, be different. We expect to see more significant news sites leading and spurring
engagements than fake news sites. This not only points to the extent of the problem but the
challenge that fake news

Fake news consisting of mis- and disinformation is a phenomenon that affects our social
and civic participation in a significant way, especially with how geo-political issues affect
everyone, not necessarily those in the immediate geography of the events. Fake news detection,
identification, and classification need to multiply. However, it faces many difficulties because of
the limited number of resources available, jurisdictions, different applications of regulations, and
data policies for its immediate citizens. The primary objective of all proposed systems was to
apply artificial intelligence to develop a very efficient system that could anticipate whether a
piece of information was fake and label it by the extent to which it misleads based purely on its
content. Thus stay effective in addressing the issue of dis- and mis- information from an NLP
perspective. Important to note and observe that the use of automated machine learning to label
and classify fake news was playing catchup to the new phenomenon of deepfakes - which uses
neural networks to generate fake news in large volumes at scale. This study does not delve into
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or focus on the evolving nature of fake news into deepfakes. We were, however, cognizant that
mis- and disinformation had morphed further, and machine learning was being applied to create
this new threat (Facebook, November 2020).

From a Kenyan perspective, there was a lack of legislation or a concerted effort by the
Government to hold Facebook accountable. Victims of mis- and dis-information did not report
this, nor did we have explicit regulations categorizing aspects of fake news as a crime or
contravention of local laws. Though Al legislation conversations were ongoing, legislation on
algorithms and ethics was not established. Global mapping of where governments had
proactively decided against misinformation indicated little to no action in Kenya.

This was illustrated in the geo-chart below (Poynter, 2021)

Figure 2: Geo-map of fake news actions globally

@ Lav @ Medialiteracy @ Bill @ Internet shutdowns @ Law enforcement @ Failed legislation @ Proposal = Task force @ Report  Investigation @ Threats

The geo-map indicated little effort being put in place. Locally there were no third-party
technology companies applying machine learning to resolve this challenge. The only effort was
from the government during election periods monitoring hate speech at political events and on
social media, where locals flagged them.
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We move from the traditional approaches and assess the most advanced neural networks
deployed and their inherent shortcomings. These include the following:

1. Simple multilayer Deep Neural Networks with highly optimized hyper-parameters. Riedel
et al., 2017; built a single, robust system with an end-to-end design approach that consisted
of lexical and similarity features. The model was an MLP consisting of one hidden layer.
They achieved 85-88% accuracy on deployment in the FNC. The approach is limited in that
it is heavily focused on one element of dis- and misinformation referred to as stance
detection. This pre-processing technique is a first step towards identifying fake news that
entails assessing what other media houses or news organizations say about the topic or issue
of interest. For relatively new topics or issues, detection levels are deficient across media
channels; hence, this will handicap the perceptron model in totality. Though the accuracy is
very high, between 85-88%, this does not indicate superior performance compared to other
approaches. This is because, for media posts that are very current, it’s very likely that other
media houses will not pick it up, negatively affecting the classification accuracy of this
approach that is dependent on this aspect.

2. This is an ensemble model (Largent, 2017); the model employed a 50/50 split on a weighted
average between a standard tree-based model known as the gradient boost model and a DNN.
They used handmade optimized features. The gradient-boosted classifier, combined with the
DNN, improved the model's performance in tackling the fake news classification problem.
This model treats the news headline or post as different from the topic, creates features, and
compares the two. The headline is run through a pre-trained google vector, while the body
is through XGB. Three hidden layers are finally created, and their predictive accuracy is
reasonably standard at 57.99%. The model can then be regularized and does not need to
employ normalization.

3. Chopra and Jain, 2017 developed a model that used bidirectional LSTM in GRU computing
architecture with modifications. They start by leveraging SVM, trained on TF-IDF cosine
similarity features. The intention here is to discern whether a headline and article of a post’s
pairing are related. Where the classification indicates a relation, the next step is triggered.
This is the use of LSTM neural networks to label the pairing using three labels -
agree, disagree, or discuss. Ultimately, the best-performing neural network was the
bidirectional conditionally encoded LSTM neural network using bidirectional global
attention. The limitation of the model is that in both its train and test sets after
implementation on a carefully selected dataset, the model was not generalized in a real-world
setting; hence, the accuracy is based only on the training and test dataset. The real-world
application was not thoroughly tested.

4. Thorne et al., 2017 developed a stacked model of 5 independent classifiers. The model
comprises two layers that seek to improve from a lower layer of weaker classifiers within
the two-level set. These five models were composed of complex encoders and neural
networks as follows:- 1) vanilla CNNs; 2) independent Encoders; 3) conditional Encoder by
Neel Rakholia, 4) multipass conditional encoders with attentive Readers and also containing
weighted cross entropy function, and lastly, 5) Kurt Miller’s bidirectional LSTMs. The
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accuracy exceeded 90%. The only limitation is the lack of consistency in this score due to
constant change in the K-Folds during the training phase.

5. Akshay et al. 2017 developed a supervised ML model known as the Siamese Regression
model. They used one 1-layer for the model’s homologous networks. The final hidden states
for each subnetwork are output as the cumulative representation of the model's critical
feature categories, consisting of the headline and body text of the posts or news in question.
The structured data set used had a disproportionate mix of the three required labels for
classification — unrelated (which assuages fakeness, agree, disagree, discuss). The
performance accuracy was 52% on the validation data set, and the model achieved 86% on
the training data set.

6. In this case, reinforcement learning is used to model the spread of news as a social learning
game on a social network, Aymanns et al., 2017. Their model is a multi-agent deep
reinforcement learning. They demonstrate the ability of agents to classify fake news after
independently receiving signals. Their model is a recurrent deep neural network that applies
training through Q-learning. Computationally the model was further illustrated but
illustrated mathematically as foundations for model building on a computational network.
Assessing the accuracy by the usual model accuracy measurement networks was thus not
possible. This model is deemed unusable because of this limitation.

7. Karadzhov et al., 2017 built BiLSTMs (Bidirectional LSTMs that used text encoding to
combine semantic kernels. With a very task-specific embedding that would encode a claim
together with pieces of potentially relevant text fragments. The deep neural network model
was effective in generalization, employed the principles of model robustness, was simple
enough to replicate, and was reusable. The model had a performance of 80% from an initial
performance of 66%. This model was implemented on a select structured dataset. Thus still
limited in ease of deployment.

8. Ruchansky et al., 2017, built a recurrent neural network model. Their RNN ensures that
temporal engagements are stored as vectors and are fed into the RNN. Their model is feature
reach and includes more than text data and images. They take a universal approach to
classifying fake news. Their feature set includes the number of likes, reactions, shares, and
tags for each post assessed for genuineness or fakeness. They, however, limited their model-
building algorithm use and only worked with SVM, random forest, and Logistic Regression
to build their hybrid model.

1.2 Statement of the Problem

With the onset of journalism and the evolution of news reporting, regulation and editorial ethos
had long governed and checked excesses of sensational and fact-lacking reporting. However,
digital broadcasting regulatory bodies’ role needed to evolve to monitor the increased
information sources that could be abused. In the digital age, a lot of multinational organizations
that don’t own content but disseminate it equally as fast as how it’s created pause a new challenge
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to regulation, censorship, and bringing about punishment to content creators who dis- and/or mis-
inform consumers (Ahmed, 2017). In Kenya’s case, well-crafted information that was wholly
false or contained falsehoods blended with some level of truth was not only generated by local
entities but by actors of a foreign nature as well to influence certain political entities’ election to
offices of interest. In other cases, this influenced favorable legislation for certain political classes.

Efforts to use or employ machine learning to classify and label information and its
affinity to carry the truth have been ongoing, as shown by (Ahmad, 2020). This had been ongoing
since the US elections of 2016 (The Guardian, 2016), and EU exit polls of the UK showed just
how extensive and influential fake news could be on the voting population if left without putting
measures in place to reduce and mitigate its adverse effects (Madrigal, 2017). The predominantly
negative impact of mis- and disinformation was civic unrest and majorly political unrest based
on our focus on election periods, the radicalization of voters and disruption of election processes,
and the break out of electoral violence in high-risk regions in Kenya. The vulnerable age of
Facebook users likely to consume fake news and spread it accounts for 12% in Kenya, and the
youngest voting population accounts for 70% (Tankovska, 2021). This problem led to the
cessation of socio-economic activities, massive disruption of commercial activities, collapse or
closure of vital services in the affected regions for prolonged periods, loss of both private and
public property, and related criminal activity in close locations and neighborhoods. This,
unfortunately, ends with the loss of lives.

Mis- and disinformation on Facebook significantly affect the reliability of the mediums
(Poddar, 2019). Since Facebook was used by both regulated news agencies and unregulated
information vendors, trust was broken to the extent that differentiating what was genuine was
very hard; since there were ulterior motives of the peddlers of dis- and mis- information, the
ultimate result was chaos and violence in the Country. Regulating a social media platform of
Facebook’s size needs a practical and durable solution that content moderators could not offer
like Cognizant tried and later withdrew its services (BBC, 2019). This was further complicated
by the number of Kenyan voting population with smartphones that could access the platform and
the limited resources of security officials to monitor, track and prevent the negative impact, let
alone anticipate the following challenges of dis- and mis- information during election periods.

The impact of fake news was devastating to civic order, and there has been a successive
increase in solutions to tackle this challenge (Setiawan, 2021). Most of the solutions fell short in
this attempt, and we still had limited information and gaps that needed to be comprehensively
addressed. These include the following; 1) the context, base language, and geographical regions
for which these solutions were applied were primarily European and North American in
grounding (Hakak, 2021). The pre-processing algorithms, corpus created, and dictionaries used
were not optimized to deal with Kenyan-specific data sets. 2) there was little attempt to optimize
and test the solutions when applied to the natural languages spoken in Kenya in pure or hybrid
forms; this leads to classification techniques not optimized for language variations. Lastly, 3)
there were gaps in connecting and correlating fake news to actual victims to draw and build
personas. There were gaps in targeting recipients of fake news or creating classification solutions
targeting the most affected.

While robust neural network solutions exist that apply hybrid or ensemble model-building
approaches, these machine learning solutions are faced with various challenges and problems,
predominantly the language and geography of application. These approaches have not been
robustly applied in the Kenyan context with pidgin languages. The various challenges include
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and are not limited to the following 1) applied on structured data sets with limited application in
real-time use cases during the election period; 2) challenges to deployment as a result of
generalization challenges; 3) applied on the particular pre-processing step and not the entire
classification problem in fake news detections, for example, stance detection or level of
agreement between the body and the title of a post, use of simple train-test split without due
consideration for validation in multiple folds to reduce overfit; and last but not least, manually
parameter optimization as opposed to automation against the more than 12 activation functions
and various ways of values adjustments. These are some critical notable problems and gaps that
our approach will seek to address Tiwari, S. (2018) and Baheti, P. (2022, March 8).

GeoPoll and Portland (2017) find out that there is an alarming increase, spread, and
consumption of fake news or mis- and dis-information in Kenya. They conducted research with
a sample size of 2000 respondents and established that 90% of the respondents had seen and
consumed false or inaccurate information. There were also 87% of these respondents who were
able to conclude that this information was deliberately fake.

1.3 Main objective

The study's main objective was to develop a machine-learning model for classifying fake news
on Facebook in Kenya.

1.4 Specific Objectives

1. To investigate and identify attributes that could be used to
Classify fake news. We initially identified and investigated various variables,
including the following:- Facebook posts, after pre-processing, Profiles of the
individuals posting, Posts flagged in fact-checker websites, Posts with URLs
flagged in fact-checker websites, Title, Text, Subject, Date, Entity, Likes,
Category and Status.

2. To develop a machine learning model that uses the identified attributes to classify
fake news in Kenya. The focus was on neural networks, with the specific use of
automation and ensemble model building. We will focus on adaptive boosting
models, and this is because of the inherent good performance they carry during
classification tasks. The boosting models will be hybrid or ensembles owing to
the robust nature of combining traditional models. The model-building process
will use AutoML to ensure painstaking manual parameter optimization and values
adjustment are enhanced and implemented quickly with high accuracy. This is
further enhanced by cloud computing over Google’s TPU to increase computing
power and model building, especially with feature reach vast data sets.
Specifically, the following algorithms will be experimented on:- a) Ensemble
AutoML model building, including adaptive boosting models; b) Decision Tree,
supervised model; ¢) LSTM, supervised neural network models; d) Naive Bayes,
supervised models; €) Random Forest, tree-based supervised models, and f) SVM,
supervised neural network models.
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3. To evaluate the accuracy and ease of deployment of the model.
Accuracy and ease of deployment objectives were interrogated using industry-
tried and tested approaches. We tested using K-Fold validation; the details and
choice of the number of folds will be detailed in the model development section
of this document.

1.5 Research Questions/hypothesis

1) Which attributes could be used to classify fake news?

2) Which machine learning model could use the identified attributes to classify news
in Kenya?

3) What was the accuracy and ease of deployment of the model?

1.6 Significance of the Study

This research was intended to illustrate the efficacy of automated natural language processing
solutions in tackling the triggers of violence. This would greatly assist and support local law
enforcement in carrying out their duties during election periods and deter perpetrators of fake
news. The study would also directly assist the targeted individuals in staying vigilant and actively
taking steps to prevent, reduce and report fake news before many people view it.

1.7. Motivation of the Study

Mis- and Dis- information was only possible because consumers were vulnerable and lacked the
tools to genuinely self-determine information on Facebook’s platforms. With Facebook on
countless occasions being summoned to explain why they hadn't taken decisive action that had
ended up being harmful to voters and citizens from many nations, there was a need to propose
solutions independent from their immediate and direct participation owing to their lack of
motivation to take up this role as their platform grows even more prominent and as they acquire
other social media platforms.

In trying to label and flag fake news at scale, data science provides the most reliable
approach through machine learning, enabling us to build a model that learns from multiple
features from enormous datasets. Machine learning was practical. Applying natural language
processing for local dialects was key to solving this problem of flagging and labeling fake news
in Kenya's specific case. | propose this homegrown solution to tackle this challenge in our local
context. The level of mis- and dis-information witnessed in Kenya circulates predominantly
during political periods due to the campaign approaches pursued by the candidates and the
supporting public. The highly heightened media coverage of fake news in Kenya during these
election periods has always impacted the audience's perception of what’s real from what is not.
Therefore influencing their decisions for some of the population, as advanced by Oloo, 2021.

1.8 Scope of the Study

* The study targets the Kenyan population in the country. Fake news has been documented
during election periods in Kenya (The Wire, 2017). The target for our research was Facebook
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users who reside in Kenya and not in the diaspora. We ensure age and gender consideration.
We target the male population between the ages of 20 to 65 years.

Since we would be building profiles of the vulnerable or targeted population, we would visit
up to 5 police stations, 1 in Nairobi, 1 in Kiambu, 1 in Machakos, and 2 in Nakuru, to collect
data on cases reported on fake news or its harms as documented. This would be necessary to
ensure we could validate the profile of the targeted population so that when we start the
crawling process to collect the data, we could effectively target and not crawl in general.

We would seek fake news between 2017 and 2018. This was because the 2017 election year
was the official period before being annulled by the courts and set in 2018.
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CHAPTER TWO: LITERATURE REVIEW

2.1 Introduction

We reviewed guiding and inspiring literature of previous studies on creating and implementing
both classical and automated machine learning approaches to classifying and labeling fake news
specific to election or political information. There were limited Kenyan studies on this topic. We
would borrow from extensive research in first-world countries of a similar nature. To synthesize
representative and existing literature on automated machine learning for fake news classification
in an integrated way so that new perspectives on the context-aware application could be made in
the Kenya election news as to whether it’s fake or genuine.

In our theoretical review, we highlight key attributes necessary for ensuring the
classification problem can be solved, and a practical model can be built. We review and
distinguish key highlights existing in natural language expressed in Facebook posts, such as titles,
headers, and body messaging or source information of Facebook posts that were key to
classifying fake and genuine posts. We also assess some key and effective machine learning
techniques that would inspire our approach and provide key direction to implement the proposed
approach. This was all illustrated in our conceptual framework and demonstrated how the
identified variables would be operationalized in the model-building exercise.

2.2 Theoretical Review

There were various practical applications of techniques for classifying fake news whose used
cases could be adjusted or enhanced to solve the problem as identified in our study. Automated
machine learning to classify and label fake and genuine news at scale primarily draws its
foundation from natural language processing theory and practices. This entails the identification
of authentic and fake news data sets, pre-processing both, then splitting into test and train data
sets before training and validation, and then later deployment on real-world data. It highlighted
below some salient attributes and techniques from previous studies of near similar nature.

2.2.1 Attributes that could be used to classify fake news

The attributes distinctly used for this problem were not different from attributes used in other
countries globally. The difference was in the combination of these attributes; while most
researchers would use one or two, | am including all three in solving this problem. Fake news
classification relies on salient features that act as flags in this classic binary classification
problem. To classify fake news, reliance on attributes commonly used in natural language
processing problems was commonly applied. These attributes include the following: -

e Assessed and mapped Facebook post sources. This attribute helped assess and
compare posts' sources if they emanate from well-known and genuine references
or sources (Conner-Simmons, 2018). This was an initial step, and key for posts
shared concerning news media official pages or links. Media bias initial detection
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and training dataset or dictionary building could effectively be implemented by
applying human-in-middle approaches in machine learning model building
validation. This was through human data review and improved approaches. The
resultant dataset was then used to build a database of classified fake and non-fake
news, effectively training the model based on the type of news sources. Such key
training datasets were adequate for traditional primary aspects of model building
(Media Bias/Fact Check, 2021). Analyzing and recognizing the role of Facebook
sources remains critical to modeling and classifying how genuine or
untrustworthy the Facebook post is and ensures we accurately create a very
effective model (Bharadwaj et al., 2020, pg2).

The polarity of the sentiment in the Facebook post was a key attribute used to
assess and classify Fake posts. Usually, a word repeated throughout various
Facebook posts would naturally imply it had a high degree of importance, and we
verify this after we normalize the occurrence of that word with the size of the
document. The focus on building TF-IDF was on Facebook post sentiments
during the political periods of interest. The number of times keywords appear
carrying fundamental sentiment and polarity of defined ranges helps in
classification. The high proportional score in this attribute could be used in
comparing critical terms used in fake or genuine news articles depending on the
training data set for the model. Used of a critical frequency measuring statistic
known as TF-IDF would enable us to interpret text-based data with accuracy after
transforming it into a numerical representation. The TF-IDF vectorization was
crucial in assessing the importance of sentiment inherent in Facebook posts when
repeated or not repeated across multiple posts before applying the model
classification algorithms and selecting the best-performing model (Palriwala,
2020).

Profiles of account holders include bio-data that renders users identifiable as well
as geo-data that would help pin the location of individuals posting and validate as
information triangulation sources on whether the posting entity was genuine or a
fictitious creation by the perpetrators of fake news (Rao et al., 2020, 95-100).
Account holder profile was a critical complementary group of data points
necessary for fake news detection and classifying their Facebook posts (Boshmaf
et al., 2016). These profile attributes explored would include the following:-
screen name of the Facebook account user who posted messages of interest for
the political periods stated, key creation dates for the posts, count of the number
of posts, number of friends following or with activity on the posts, status posts,
followers posts, number of groups followed, the actual URL link of the Facebook
account, time zone of the posts was critical, the actual location of the account
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holder when posting and geographic positioning data if enabled for the user. These
were some of the critical attributes to be explored further.

2.2.2 Classification Machine Learning Techniques

Other researchers have used various machine learning techniques to solve this fake news
classification problem in the past. Though AutoML was at the heart of our model building and
deployment, the techniques used would align and borrow from the following reviewed
approaches:

2.2.2.1 Supervised machine learning techniques

This technique entails training a fake news classification machine learning model using
well-labeled and categorized data sets as input with an expectation of the output to be either
fake Facebook posts or genuine Facebook posts. The commonly used algorithms in this
approach, as observed from our reviewed literature, include the following:-

o Decision Trees
This was a classical and standard classification machine learning model that used
a leaf node, which was assigned a class label. The other non-terminal nodes,
including the root and other internal nodes, contain attribute test conditions that
segregate records of different characteristics (University of Minnesota CSE, 2021,
pg 150).

o Random Forests
These were more effective when the data, in this case, text data of political period
posts on Facebook, had very high or large dimensions, and there was a need to
reduce the white noise or non-intuitive aspect of the text data in the model. It
mitigates the inherent challenges (Islam et al., 2019).

o Simple Vector Machine (SVM)
The simple vector machine (SVM) could be effectively used for binary or
multiclass classifications. SVMs were known to efficiently perform a non-linear
classification process while effectively applying a kernel trick. This ensures it
consistently maps inputs into high-dimensional feature space (Bedi, 2018).

2.2.2.2 Unsupervised machine learning techniques

This technique entails using deep neural networks in which our outcomes were known, another
effectively used approach to resolving this problem. Used of ANN with a particular focus on
RELU as the activation function was vital for the fake news classification of specific models as
reviewed for this study. One of the critical approaches was built on python on the backend and
flask as the front-end user interface. The python backend primarily uses VADER and pickle
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packages to manage the supervised machine learning model and allow it to conduct sentiment
analysis and allocate polarity scores based on the comments of news or media pieces from every
Facebook post one reads that could be classified in more than binary categories, with extreme
ends of our classification ends being the fake, not fake and varying degree of fakeness.

o K-Means Clustering

This was an unsupervised machine learning model in which we randomly
initialize the K starting centroid at the beginning of the process. After that, each
key Facebook post, after pre-processing, was assigned to its nearest centroid and
arrived at arbitrarily or through a random walk probabilistic approach. The
centroids were then recomputed as the mean of the data points assigned to the
respective cluster. This recurs until we trigger our stopping criteria. The aim was
to cluster the text around key centroids that determine fake or genuine posts
(Foley, 2019).

2.2.2.3 Ensemble machine learning

Ensemble model building effectively applied the various algorithms' strengths into one effective
model. This was an approach in which we implemented Facebook post classification modeling,
which inherently combines multiple models to get better results. We explore several models that
create hybrid deep learning models. This is at the core of our proposed approach. Most models
that prove effective, as discussed in the gaps and background of the study, cover work by Riedel
et al.,2017, Largent 2017, Chopra and Jain 2017, Thorne 2017, Akshay 2017Aymanns 2017,
Karadzhov 2017, and Ruchansky 2017. These models consist of MLP use; XGB infused with
DNN; the hybrid mix of CNNs, encoders, and LSTM; regression, while using 1-layer Siamese
approaches; multi-agent deep reinforcement learning with Q-learning, Bidirectional LSTM; and
effective combination of SVM, random forest and Logistic Regression. Specific models of
interest in applying ensemble modeling of neural networks to our problem focus on adaptive
boosting with automated machine learning as follows:-

o Ada boost machine learning model

This could be applied and implemented on multiple types of machine learning text
classifiers to learn and improve the downsides or shortcomings. This gives it the
common phrase “best out-of-the-box classifier” name in most circles. For
example, ada boost could be used in decision trees when classifications were
wrong or least accurate to give weights until the classification improves on the
training data and when tested with the validation data set. Therefore more weight
was assigned to the incorrectly classified sample to improve the classification goal
in the next cycle (Chengsheng et al., 2017).
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This would be achieved on AutoML platforms by applying the following
AutoML pipelines and selecting the most effective: - (i) TPOT enables the
exploration of many combinations and shows partial results as it runs. It nicely
integrates with Dask to parallelize the training tasks. (Moore, 2021). (ii) Snorkel
- it ensures we could be considerate of the nuances in the sentiments in the data
set as we attempt to classify fake from genuine news specific to political
information in Kenya. This approach was also beneficial for classification tasks
that started with incomplete data or a complete lack of target labels. Our
classification problem may be nuanced for more complex posts (Ratner, 2020).
(ii1)) Used of H20’s AutoML pipeline allows us to automate with pidgin or
multiple language mix considerations from the data source we would be working
with (Pandey, 2019).

With the necessary libraries imported and configured appropriately, the next step was to
call the AdaBoost model and optimize our parameters. The critical parameters of interest that
were optimized included the following: -

a) n_estimator — The value used was 50 because, above which, no further
improvement in model performance was experienced. This was the
maximum number of estimators at which boosting was terminated in the
proposed model. Usually, the goal was to achieve a good fit, and when we
had a perfect fit, the model would stop the learning procedure through
early stopping. We sought to avoid underfitting or overfitting. Fitting is an
instance where we had errors in the estimators due to bias (Hansen 2021).
While overfitting was where we had an error in the estimator due to
variance (Hansen 2021). The initial value was 50, which was incremented
while observing model performance.

b) Random state — Used 10 to ensure try to improve the reproducibility of the
model again for further tuning and improvement while building on the
immediate results of the initial model tested since I iterated on the findings
as | sought to improve the model parameters from the primary model |
began with from the outset. This controlled the random seed for each base
estimator. The default was typical “none,” initially set to 10, for this
process (Hansen, 2021).

c) Base estimator —This was set to Decision Tree as the primary algorithm
used before performing adaptive boosting, and it improved the weak
learners. This was used for base weighting; when set to default, the weak
learners weren’t improved, and we would implement a decision tree
classifier, which would not achieve our objective (Hansen, 2021).
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d)

f)

9)

Learning rate — The learning rate employed for this model was 0.001, with
one being maximum but initialized much faster and traded off with some
accuracy. The intent was to slow the model to improve the learning rate
since we were dealing with weak learners. This was the absolute weight
we applied to each classifier, then iterated during the adaptive boosting
process. There was usually a trade-off between the learning_rate and
n_estimators parameters as we sought to optimize our model and improve
performance (Hansen, 2021).

Change in the activation function varied between sigmoid and softmax and
compared the performance before settling on sigmoid as the activation
function. ReLU was not ideal because of the computation demand
required and the time to let it run on the data; the volume of our dataset
consistently crashed the cloud computing environment being used.

Amount of data used, we were using 45,263 rows and 13
columns/variables in total, this proved to be very large for ordinary ML
model building, and the decision was to use Google Colab as a cloud
computing engine.

Normalizing/Scaling data was implemented using TF-IDF as our
vectorizer. The size of the matrix after condensing to a dense matrix still
proved too large to illustrate in totality. This was summarized for essential
aspects and the rest of the TF-IDF matrix availed as a table in the appendix
owing to its size.
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2.3 Conceptual Framework

The conceptual framework below indicates our model-building and improvement process was
iterative. The key dependent variable was the fake news classification which relies on the

following independent variables: - Facebook posts’ sources, bio-geo profiles of Facebook users,
and TF-IDF.
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2.4 Operationalization of Variables

The variables mentioned and indicated in our Conceptual framework would be operationalized
as follows in the below table: -

Figure 4: Variable operationalization

Variables ‘ Sub-variables Indicators(Symptoms) Values(data) ‘ Notes/Comments
Age Age group
Gender Sex
Bio-profile Geo-location of posts Geographic
concerning violence-prone locations Fake news was highly
attributes consumed and
Entity/Facebook Age Age group generated by the old
Account Holder Gender Sex (40 to 64 years), yet
Geo-profile Geo-location of posts Geographic the young (18 to 39)
concerning violence-prone locations were the largest group
attributes consuming social
media content.
Text/Facebook Posts Source of Facebook Post Binary Values
Source None Fake, Genuine
(1.0)
Facebook Posts’ Term Count of number of times
Frequency — Inverse specific terms appear
Document Frequency Count of number of posts per Score
None Facebook profile or
concerning crucial events
within the specified periods
Presence on the Fact None URLSs flagged, in Fact, Binary Values Used for pre-
checker website Checker websites. Flagged, Not processing, if the
News or posts flagged on the Flagged (1,0) content is flagged as
Fact Checker website. Fake, it will not be
genuine and should be
filtered out in the data
set for training and
validation.
Key terms denoting whether The binary values for
Fake news classification None genuine or fake Binary Values this dependent variable
Code of words Fake, Genuine could be more than
(1,0) binary for some of the
unsupervised modeling
techniques.
Title None The fundamental explanation Unstructured
of what subject matter is text
about
Subject None Matter of the text/ Facebook Unstructured
Post text
Date Year Full date Date value
Month (Year, Month,
Day Day)

26




Variables

Sub-variables

Indicators(Symptoms)

Values(data)

‘ Notes/Comments

Likes None Number of likes per post Number of
likes
Category Political Does subject matter have Binary
Apolitical/Non- political connotations Political=1,No
Political t Political=2
Status On The state of being online or Binary
Offline offline Online=1,
Offline=2
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CHAPTER THREE: METHODOLOGY

3.1 Introduction

We tackle the question of classification of fake news during political events, specifically general
elections that occurred once every five years up to 2018 due to the runoff. We ensured to be
conscious of the multiple dialects and hybrid mix of languages in expressing their sentiments in
the Facebook posts. We started our research by seeking approval to request Facebook for access
to large data volumes through its Graph API, distinctly from the election period events in Kenya
that covered the period two months before the 2017 poll and two months after the 2018 poll. We
then targeted posts from active users of social media accounts two months before and after the
2017 or 2018 repeat poll. Profile of the users included:- age of the user, education levels, socio-
economic aspects, and geo-location, whether in urban, peri-urban, or rural regions of the country
as categories. If posts or comments were triangulated to an individual in any of our violence-
prone regions, we increased our focus on these regions of interest as mentioned in the posts or
referenced: - Nakuru, Uasin Gishu, Kisumu, Mombasa, and Nairobi Counties.

Research instruments included specific API’s, Tensorflow for computing power, and
various python libraries and packages that ensure python powered AutoML processes could be
run effectively: - Autosklearn and TPOT in Google Colab, Snorkel, and H20 were not effective
after tests and checks with the platform providers. Depending on approvals, Facebook’s graph
API was used to fetch data targeting profiles of individuals highly likely to have been victims or
perpetrators of fake news. This was then pre-processed and imported into the three platforms for
our AutoML classification approaches. The best-performing model was selected and deployed
using our deployment and management approaches after being evaluated using the K-Fold
validation approach. We then compared the models and applied K-Fold validation. Natural
language translation was vital for effective data collection and pre-processing. We anticipated
some of the text would contain a mix of local dialects, including ‘sheng’ — Kiswahili-derived or
hybrid language. All text from Facebook that contained mixed languages was manually translated
using Facebook in post translation, then cross-checking this manually and assigning manual
flags. Though a tedious process, building a translation engine for all possible languages spoken
in Kenya would require the ground-up building of each language's dictionary, stop words,
constructing context-specific corpus, generating lemmatization and TF-IDF that will work with
multiple languages in pure or hybrid forms. After assessing this challenge, manual translation
and annotation were chosen, and it took one month to complete before model building could be
affected. Using factor analysis approaches assessed validity and reliability, ensuring we assessed
all factors and settled only on the few necessary for classification. Cronbach’s Alpha was used
to achieve this requirement.

Depending on the data used and access policy, data was mined from Facebook’s platform;
Facebook Graph API was the primary tool, and where challenges arose, a manual crawl after key
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search results were displayed using predefined vital terms. This was implemented when
Facebook Graph API had challenges and ensured data was representative.

Data processing ensured we cleaned and prepped the Facebook posts using NLP principles
of tokenization, removed stop words, and performed stemming before the corpora were created.

3.2 Research design

The study's main objective was to effectively build a fake and genuine political
information classifier, ensuring it’s unaffected by the local language, and continue to work on
local languages.

The specific objectives entailed the following: -

1. Build credible personas and profiles of the target population.

2. ldentify critical features that were distinct from political news media and
messages on the Facebook platform

3. Downloaded the posts and built a corpora that classified them into fake and
genuine political news.

These objectives were met by implementing the following steps as indicated in the
diagram and abiding by the timelines, each of the specific objectives was mapped onto a specific
section of our oval-shaped AutoML research design diagram, which indicated the machine
learning lifecycle in building the classifier.

Figure 5: Research design illustration diagram
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From the research design diagram, the main objective was achieved when we implemented
the process in the entire diagram. The specific objectives 1 and 2 were met in 2 weeks when we
implemented the processes in the data ingestion and acquisition phase. Tool selection,
configuration, data import, and initial set-up, which was the second level in the ML lifecycle
section of the research design diagram, was implemented within two days as a foundational
process and did not need to align with any specific objectives through an essential step. Specific
objective three was achieved in a week through feature engineering and model building. The
final step, as entailed in the diagram, was achieved when we implemented specific objective 3,
which entailed model deployment, use, and continuous management and improvement.

3.3 Target Population

There was a wide belief from other studies that specific personas and profiles of individuals were
more accommodating to fake news than others. Studies have pursued this hypothesis with
varying success. Global fake news targeted schemes for political gain had shown that mass
targeting of victims was ineffective compared to strategically targeting a select few that impacted
the overall vote. The study was targeted at Kenyans currently in the country. All Kenyans
residing out of the country were not part of the study owing to the resource intensity in validating
insights we got from them. In Kenya’s case, we profiled a category of the most vulnerable
population and a significant target for fake news.

Key aspects we looked at and disaggregated the population with included: - the age of the
user, education levels, socio-economic vulnerabilities to and frequency of use of social media
platforms, in this case, Facebook, populations residing in violence-prone urban, peri-urban, and
rural regions of the country, the depth and degree of penetration of both mobile phone use and
reliable internet connectivity (Guess et al., 2019).

Our population included Kenyan voting age population as of 2017, which stood at 19,
611, 423 registered voters according to IEBC voter registration records (IEBC, 2017), with 80%
owning phones and more than 30% owning a smartphone with 50% owning feature phones
(Kibuacha, 2021). The vulnerable age of Facebook users likely to consume fake news and spread
it accounts for 12% in Kenya. These were the 40 to 64-year-olds; the youngest voting population
accounts for 70% of these were 18 to 24-year-olds, according to (Tankovska, 2021). Our focus
was to rack and mine posts targeting individuals fitting the vulnerable category who were over
25 years. The central unit of analysis was the Facebook posts and comments in posts
disaggregated by political theme or topic in the message to draw out sentiment polarity and
classify whether it was genuine or fake from Facebook original posts by individuals, media
entities, re-shares, comments, likes and any form of reactions.

3.4 Sampling and Sampling Procedure

To guide the sampling of Facebook posts, geo-location information from users was used
to sample and ensure representation. Ensured equal representation of the population in the
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sampled Facebook posts and social network activity. The main driver of sampling was random
purposive, stratified sampling that ensured representation.

From the finite population of 19,611,423, we used the finite population sample size
calculator. We arrived at the below purposive sample distribution on the minimum number of
Facebook users of voting age and the number of Facebook posts from each. If we did not have
Facebook posts up to the requisite number indicated, we would oversample until the desired

minimum was reached.
Equation 1: Sampling formula

Finite populatio

Where;
z was the z score
€ was the margin of error

r
n: N-—

N was the population size

p was the population proportion
Confidence level at 95%, Margin of Error at 5%, and Population proportional
representation at a minimum of 50.

We got the below sample size and breakdown of sub-population representation.

Figure 6: Purposive sample results table

n

| S

L Z2xp(1-p)

£2N

Metric Figures Unit Comment
1 Total Voter Population 19,611,423 Registered
Kenyan Voters
2 30% of Voters who had 5,883,426 Estimate 30%
smartphones with
smartphones
3 The sample size of individuals 385 Estimate sample
using finite population formula size
4 Nairobi County 11% of total 44 Nairobi estimate Ensuring
registered voters voters equal
representation
5 Mombasa County 3% of total 11 Mombasa of Facebook
registered voters estimate voters
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Metric Figures Comment
Kisumu County 3% of total 11 Kisumu estimate posts from
registered voters voters individuals

coming from
Uasin Gishu County 2% of total 9 Uasin Gishu Mombasa,
registered voters estimates voters Nairobi,

- Kisumu,

Nal.<uru County 5% of total 19 Nakuru estimate Uasin Gishu
registered voters voters and Nakuru

Counties.
Number of Facebook posts shared 19,250

or original content from individual
meeting profiles of registered
voters above (count of 50, on the
estimate for each meeting the
criteria)
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3.5 Research Instrument

The critical research instruments were the following: -

1. Data collection was done using API calls to Facebook’s Graph API
2. Python Software applied AutoML techniques on Google colab and used
Tensorflow in a cloud computing environment.

3.6 Validity and Reliability of the instrument

Diagnostic tests were applied to the variables to check for reliability. Cronbach’s Alpha
statistic was used for this purpose, with the p-value being key and indicating relevance. Final
model validation applied K-Fold validation across all models, and the best-performing model
with reliable K-Fold scores was selected. Five folds for validation were used.

We were interested in the following model accuracy scores:

1.

SRR AN R A

Accuracy - the number of correct predictions divided by the total number of
predictions, expressed as a percentage.

Confusion Matrix - this showed a count of classification that was TP, FP, TN, FN
Precision - the ratio of true positives and total positives predicted.

Recall - the ratio of true positives to all the positives in the ground truth.
F1-score - the harmonic mean of the precision and recall statistics.

AU-ROC - Area under Receiver operating characteristics curve; this was the plot
of the TPR and FPR on a linear curve.

3.7 Data collection procedure

The primary data collection was seamlessly done using Facebook’s graph API. The Graph

API process:

e Facebook login and access to the developer section of the platform at the
following URL https://developers.facebook.com/.

e It was named, Created, and added the new APP from the Add-New-App
menu item.

e Acquired the Facebook App ID and the necessary Facebook App Secret
from the developer platform dashboard.

e Created and prepared the Access Token before using it in the python script,
connected and ingested targeted data as needed.

3.8 Data Processing and analysis

The classification of the text followed a detailed process and sequential steps as
outlined below:
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Data ingestion
We kicked off the process by following these key steps: -

e Factor Analysis was achieved when Cronbach’s alpha was applied

e Data Pre-processing was critical before model building. We started off by filtering out to
ensure sample representation. Considerations were made for variables in Figure 4, which
were key in model building. The variables, which include:- details of the Facebook
account holder such as bio-profile, geo-profile like age, gender, location of posts with
regard to violence, Facebook posts source, Facebook posts’ term frequency—inverse
document frequency, count of the number of times certain terms appear, count of the
number of posts per Facebook profile or with regard to key events within the specified
periods, were cleaned and used to filter out for the specific data required to build the
model. The other preprocessing techniques include the following:-

Tokenization — This entailed breaking down a piece of text, in this case,
the various posts on social media, specifically Facebook, from the users
after conversion to English to small units called tokens.

Removed stop words — Stop words were key joining words like ‘a, ‘the’,
‘and’. These were removed to reduce the noise in the processing of the
final tokens.

Stemmed words from the same word family — This ensured all derivative
words were categorized as one type of word to avoid tokens with
derivative words appearing multiple times.

Corpora created — Collection of corpus specific to our tasks of classifying
and labelling fake and non-fake news.

e AutoML Model building, we implemented classification by applying
Autosklearn, Snorkel, and H20 were not effective and thus not utilized.

e K-Fold Model Validated, the resampling into the K-Fold of our model, was split
into a maximum of 5 folds as follows:

Shuffled the dataset randomly.

Split the dataset into k groups, in this case, five groups.

For each unique group, we took and treated the distinct group as a holdout
or test set, and the remaining groups were then treated as training sets.
After applying AutoML and fitting the model, we then evaluated its test
set.

e Model Selection. This entailed choosing the model. The most suitable model was
selected using these machine learning approaches.

Confusion Matrix - this showed a count of classifications that were TP,
FP, TN, FN

Precision - the ratio of true positives and total positives predicted.

Recall - the ratio of true positives to all the positives in the ground truth.
F1-score - the harmonic mean of the precision and recall statistics.
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m AU-ROC - Area under Receiver operating characteristics curve; this was
the plot of the TPR and FPR on a linear curve.

Various models were then tested before settling on an adaptive boosting neural network chosen
for this binary classification task. The ML model was developed as follows:

1) In colab, various libraries key for the modelling need to be installed; these

include:-
I.  requests
ii. TPOT
li.  json
iv.  sys
V. io
vi.  google. colab
vii.  numpy
viii.  pandas
iX.  matplotlib
X.  nltk
xi. re
xii.  sklearn
a. sklearn. ensemble to access, then apply the
AdaBoostClassifier
b. sklearn. tree to access, then apply the DecisionTreeClassifier
xiii.  pickle
xiv.  seaborn
Xv.  time.

These libraries were applied at the various model-building stages.
To scrape and acquire relevant data, | created an app on Facebook and linked REST API
credentials — token and secret key with python for extraction. Then the scraped data was exported
to my desktop in excel file format —xIsx for basic cleaning before importing back into Google
colab.

2) Data ingestion.
We import our data set using pandas, io and google.colab library. The google.colab library
opened a widget that enabled file interaction with our desktop directory to pull the file. The
imported file was then prepared for preprocessing by removing unnecessary variables and
columns and, most importantly, deleting blank or null cells.

3) Data preprocessing
Data preparation took most of our time and was the second compute-heavy task after modelling.
This process began by checking variables and attributes meeting our requirements and selecting
as the first step. For our binary classifier, the next step was to remove variables not required,
including the variable “Likes” since it had little value in our binary classification from the factor
analysis carried out. Advanced filtering was implemented to ensure sample representation was
satisfied, and the variables named in Figure 4 for operationalization were also used in this step.
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This included:- the use of the Fact Checker site to flag and filter adversely affected posts and/or
URL’s in those posts Media Bias/Fact Check, (2021). Then the columns containing the Facebook
posts and the Label (that denotes Fake - 1, Genuine -0) were selected.

Then after the removal of punctuations in the sentences and thereafter, removal of stop words
and rechecking through a word cloud and frequency count for any other stop words that our
sklearn stop words dictionary might miss out. These stop words not included in the dictionary
were then added to ensure we had no stop words in the final corpus. The words were then
stemmed and lemmatized to ensure incomplete words and word families were removed. During
the preprocessing, a secondary parse was performed to ensure stop words that were missed were
added to the list of stop words, having checked the frequency of the words visualized in a word
cloud to ensure all forms of stop words were completely removed.

4) Implementing the Term Frequency — Inverse Document Frequency

The TF — IDF was key in vectorising and made it possible to perform calculations on Facebook
posts. The common terms and rare terms' importance in the document was measured and
evaluated to ascertain importance. Keywords that were found in Fake (1) as opposed to Genuine
(0) Facebook posts would then be evaluated in depth. It was expected that the TF — IDF value
would increase proportionally as compared to how frequently a particular word in the document
appears. This was then offset by the number of documents in the entire corpus that contained that
specific word of interest.

This was achieved using the following approach, having pre-processed the data. Since TF-IDF
was a function that checked the importance or lack of therein of a word across documents, and
since we don’t have documents or books by the conventional definition, we checked the
importance of terms across Facebooks posts and treated each post as a document, then filtered
out for posts that had on average 72 or more words to avoid our dense matrix created from TF-
IDF from being very broad and not meaningful, not all posts were very large, having cleaned and
filtered out Facebook posts containing terms that were less than the average count of all terms,
our Facebook posts had an average of 72 Terms on the posts collected for the defined time frame
2017 to 2018.

The next step was to initialize the TF-IDF Vectorizer with key metrics to kick off the process.
We then set our min_df = 5. This was a critical configuration set that handled terms appearing
infrequently or less frequently. It meant we set our Vectorizer to ignore terms that appeared in
less than five documents. It was a standard measure. We reviewed the results and then adjusted
until we achieved TF-IDF that was meaningful and achieved the objective of discerning the
importance of keywords or terms used in fake news. We then set our max_df = 0.95, and this
meant that we would ignore terms that appeared in more than 95% of the documents. This was
an optimization problem because when too low, the min_df, our Google colab notebook took too
long to compute, and the dense matrix was not as meaningful since our rarity discerning metric
for terms was too sparse. Having iterated severally on the metric, the appropriate set value was
five documents. The max_df was set to ignore 95% of documents with the term in question being
checked for rarity or how common it appeared. This then showed us very important documents.
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The sublinear transformation, as denoted by “sublinear tf = TRUE”, was a function that
performed sublinear transformation scaling on the Facebook posts. With due consideration and
interpretation of the meaning of term frequency, it’s unlikely when we observe x number of
occurrences of a term in a document that the document truly carries x times the significance of a
single occurrence. This has led to more research on its variations, going beyond merely counting
the actual number of occurrences of a term or Facebook post. The most common modification to
this was to use the logarithm of the term frequency instead, which assigned weights to the term
frequency and provided a more accurate measure of term frequency. To this end, our TF-IDF
calculation achieved varying max_df, min_df and sublinear_tf with respect to how the underlying
data or the actual Facebook posts actually were represented. We could then ascertain any
variations by tweaking and adjusting the parameters to see any distinct differences with more
accuracy. The next step was to extract words or ‘feature names’ from our TF-IDF Vectorizer as
implemented by the sklearn library in python in the Google colab IDE. The ‘feature names’ were
the terms or Facebook post individual words in the matrix column headers that had been checked
how many times they appeared in the Facebook posts. Recall we had filtered our posts with less
than 72 or more actual words, having cleaned for stop words.

Finally, in the process flow, we created a dense matrix. The density matrix was necessary
owing to the very large dimension of the matrix we got from creating the TF-IDF. Visualizing
this was a challenge after the vectorization step. To be able to visualize the entire TF-IDF, we
created the density matrix, which allowed for the representation of a mixture of states using
probability in a non-linear combination using an algorithm. The large matrix was thereby
shrinking to a more meaningful and condensed to a much smaller representation of its original
size (Cornel, 2015). The matrix, without transforming into a density function, took the shape of
a (45246 rows, by 4000 columns) at the highest to (45246 rows, by 4000 columns) at the lowest.
This kept on varying depending on our min_df, max_df and sublinear_tf parameters. The dense
matrix was then converted to a list and finally a data frame, using the pandas library in Google
colab python IDE. The size of the dense matrix remained very large, and limited visualization
owing to the more than 1000 rows. We utilized the pandas library to export the results to excel
and reviewed these. Notably, there were no differences in the TF-IDF between the data filtered
for the labels of Fake (1) and Genuine (0) news. These metrics computed both for the category
of data whose Facebook posts were genuine and the category of posts whose Facebook posts
were fake, had no clear difference.

5) ML model building

Once the data pre-processing using the sklearn python library in Google colab was complete, the
model was built and supported by the insights gained in vectorising using TF-IDF, which discerns
any differences in the Facebook posts that were either fake or genuine. We also had critical
insights into the descriptive statistics on the distribution of the data and the completeness and
missingness of the data. The initial process in building our model made use of the sklearn library
to implement the adaptive boost neural network algorithm known as AdaBoost (Mohri, 2021).
This was an ensemble neural network model which improved the weak learners of the commonly
used decision tree - a supervised machine learning approach.
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There were many approaches for building ensemble ML Models (Dietterich, 2000) of the
AdaBoost neural network type, which include: - bagging, boosting, and randomization. For this
NLP problem, our focus would be the boosting approach, and we would focus on adaptive
boosting mainly. This enabled the variation of the parameters that optimize various aspects of
our model, as discussed in our implementation below. We implement our model as follows: -

Reviewed pre-processing results and ensured the data was completely clean as intended, and
stopwords using the sklearn library of stopwords were updated with more stopwords evident in
the data during data quality checks. The data set was then split between training, testing and
validation to align with our proposal of 5 folds in our K-Fold validation. The training, test and
validation data sets were very large. We would split these and optimize our compute engine in
Google colab by moving from normal GPU to TPU in Google Tensorflow.
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CHAPTER FOUR: ANALYSIS

4.1 Introduction

In this section, we delved into detailed analysis. This involved the key step of data comprehension
by calculating descriptive statistics followed by the model building, which involved
preprocessing, feature selection, model training, testing and validation, and lastly, tuning to
improve deployment by the key model performance assessment metrics as illustrated. The model
selected, which was actually an ensemble model called AdaBoost, or adaptive boost, was pitted
against other models for binary classification of hate speech and compared using similar metrics.
The distinct performance difference was then clearly outlaid to illustrate the superiority of the
AdaBoost or Adaptive Boost model.

4. 2. Data demographics - descriptive analytics about the collected data

The data set we worked with was pre-processed and arranged into a data frame in
python’s IDE in Google, named Colab. It had the following key characteristics:-

It had 45,263 rows and 13 columns/variables in total. The data set contains posts from

Facebook mined through the Facebook Graph API for the election period of 2017 and the repeat
poll thereafter.
The dataset was from posts by Kenyans in the country, excluding diaspora posts as much as
possible by location triangulation as indicated in the research design and the sampling
framework. The posts consisted of sentiment from the 30% fraction of 19,611,423 registered
voters as reported by IEBC prior to the elections.

The descriptive analytics was gained from analyzing the data frame in python of this dataset. We
mainly apply natural language processing techniques and arrive at the following descriptive
statistics.

Using pythons “.describe ()” and “.info ()” calls, we were able to get key meaningful statistics
with regard to our type of data. It mostly contained text data and other variable types ranging
from string to numeric.
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Figure 7: Description of the data frame

| count [ 45263.00 |
| mean [ 0.480768 |
| std [ 0.499636 |
| min [ 0.00 |
| 25% [ 0.00 |
| 50% [ 0.00 |
| 75% [ 1.00 |
\ max H 1.00 ‘

Figure 8: Table showing counts of missing and non-missing variables and data

types

# Column Non-Null Null Count Dtype Variable
Counts Type

0 Title 44919 344 Non-Null object String

1 Text 45259 4 Non-Null object String

2 Subject 44898 365 Non-Null object String

3 Date 45209 54 Non-Null object Date

4 Entity 321 44942 Non-Null object String

5 Likes 129 45134 Non-Null object Numeric

6 Category 110 45153 Non-Null object String

7 Status 45263 0 Non-Null int64 String

8 1003 44260 Non-Null object String

Presence/Absence

in Media

Bias/Fact Check

9 Geo-location 44919 344 Non-Null object String

10 Age 40000 5263 Non-Null object Numeric

11 Gender 1337 43926 Non-Null object String

12 Count number 67 45196 Non-Null object Numeric

of posts  per

Facebook Profile

13  Count of 19732 25531 Non-Null object Numeric

number of times

certain terms

appear

We then did a count of the non-null or non-empty/blank values in our text data frame downloaded
and cleaned from Facebook. The result we got was from applying the python .info () command
we got the following result.
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Complete data in ratio

The column names of the data frame were indicated above, and counts of non-null and missing
values are presented in the table; we could plot bar graphs showing data completeness in Figure
11 below, which indicated non-null value counts for the various variables as shown below:

Figure 9: Bar graph showing a sample of most and least complete data in the
data frame
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The graph above shows counts of the data. The bar graphs indicated data completeness. From the
max total count of 45,263, the size of the bar below this count shows the data available, and it’s
represented as proportions on the left Y axis, with the maximum being 1. At the same time, they
are represented as whole numbers on the right Y axis. The variables “Entity,” “Likes,” and

“Category” were the least complete. They represented less than 50% of the whole dataset.

Figure 10: Matrix graph showing a sample least missing and most missing
values
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The graph above represents the completeness of data with more distinction on the actual
proportion of available data from the three least represented variables, “Entity,” “Likes,” and
“Category,” as compared to the rest of the variables.

Figure 11: Heat map showing sample select correlation between nullities of
some of the variables in the data frame
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The heatmap above identified correlations of the nullity between each of the different
columns. It identified the relationship in the presence of null values between all and each of the
respective columns.

Values close to positive 1 indicated that the presence of null values in one column had a
very strong correlation with the presence of null values in any of the other columns. The values
that were close to negative 1 indicate the presence of missing or null values in one column was
weakly or completely not correlated with the presence of null values in any of the other columns.
This means that when we observe null values in one column, there were mostly always data
values present in the other columns from our data frame. This was key in developing the model
and in identifying features of interest.
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Figure 12: Dendrogram showing hierarchical clustering of some of the select
columns/variables that had strong correlations in nullity
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The above dendrogram clustered the variables with correlated nullity; we observed that
the more separated the columns in the tree were, then the less likely the null values could be
correlated between the columns.

4.3 Objective one results

This objective entailed feature identification and finding distinct attributes that could be
effectively utilized to develop our ML model for classifying fake news. | sought to investigate
and identify attributes that could be used to classify fake news. The first attribute uncovered from
our literature review that we would investigate further and test out was mentioned by (Conner-
Simmons, 2018), (Media Bias/Fact Check, 2021), and (Bharadwaj et al., 2020). They elaborate
more often than not with a high likelihood a Facebook post from a well-known fake news posting
site would carry falsehoods.

The second key attribute, as mentioned (Palriwala, 2020), involved assessing the polarity
of the sentiment in the post. We could assess this by finding the TF-IDF and checking which
posts had terms with the highest TF-IDF from our hate speech, identifying key Labels or words
identified. This was distinctly represented in the model to check if Facebook posts with terms
carrying high TF-IDF were labeled fake depending on the polarity of the term as indicated by the
TF-IDF values.

The last key attribute we investigated for classifying fake news was the profiles of account
holders, as mentioned by (Rao et al., 2020, 95-100) and (Boshmaf et al., 2016). Accounts
previously flagged for posting fake news had been known to post fake news repeatedly. It is
expected that such flagged accounts would classify as fake and would help in the preprocessing
of the data.
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The attributes mentioned were key in labeling Fake (1) or Genuine (0) news covering political
statements and collected during political periods. These terms included the following:-
Facebook post sources
The polarity of the sentiment in the Facebook post was a key attribute
used to assess and classify Fake posts
Profiles of account holders.

The approach selected effectively utilized and applied all the attributes selected to
increase accuracy and filter out data sets during preprocessing and while model building
increased the effectiveness of our model as demonstrated.

Investigation of correlation relationships with our binary label Fake (1) or Genuine (0) for
whether the news was genuine or fake.

In the process of identifying and investigating attributes that were used for classifying
fake news, basic descriptive analytics, cross-tabulation, correlation, and factor analysis
uncovered valuable insights. This was described in detail as follows:-

N of
Cramer's Pearson's Spearman Valid
Binary Correlation Variables Phi \Y R Correlation Cases
Label (Genuine or Fake News -0, 1) and
Flagged in fact checker sites 0.000 0.000 0.000 0.000 44612
Labels (Genuine or Fake News — 0, 1) and
Account Holder Profile Genuine 0.000 0.000 0.000 0.000 44612
Likes and Labels (Genuine or Fake News -0, 1) 0.000 0.000 45242

The table above shows binary correlation statistics for the Label of interest showing fake
or genuine news status and the variable that denoted whether the Facebook post was flagged in
the fact checker sites we were checking to help in preprocessing. Since both were categorical
variables, we used Phi and Cramer’s V, which denoted a clear, strong correlation of -1. We
observed that if a Facebook post had a hyperlink or links to a site that was flagged in the fact
checker websites as mentioned by (Conner-Simmons, 2018), (Media Bias/Fact Check, 2021) and
(Bharadwaj et al., 2020, pg2), we were using, then it was highly probable that the Facebook post
was fake. Therefore this variable was statistically significant as denoted by a significance score
of less than 0.5, at 0.0000.

The table above shows binary correlation statistics for the Label of interest showing fake
or genuine news status and the variable that denotes whether the profile of the account holder of
the Facebook post was genuine to help in preprocessing. Since both were categorical variables,
we also used Phi and Cramer’s V that denoted a clear, strong correlation of -1 between the profile
of the account holder of a Facebook post and whether the label of a Facebook post was genuine
or fake, as mentioned by (Rao et al., 2020, 95-100) and (Boshmaf et al., 2016) Therefore this
variable was statistically significant as denoted by significance score of being less than 0.5, of
0.0000, and high binary correlation.
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The table above shows binary correlation statistics for the Label of interest showing fake
or genuine news status and the variable representing Likes of the Facebook posts. This
information was critical in preprocessing. Since one was a categorical variable and the other a
numeric variable, we used the Spearman correlation statistic that denotes a clearly very weak
correlation of 0.05 between the number of Likes and whether the Facebook post was genuine or
fake. We observed the statistical significance scores were below 0.05. Since our correlation
relationship was weak, we concluded the number of likes was not a strong attribute or feature for
model building.

After assessing the relationship using binary correlation, the next step was to assess factor
analysis and gain some insight into reliability using Cronbach’s Alpha. Factor analysis was then
used to determine how reliable our measures ensure the selection of factors that were most
promising in effectively classifying the labels.

The next step was assessing the reliability of the selected variables selected. The
Cronbach’s alpha when we performed it on standardized items was 0.448, which indicated the
weakness or inability of all 4 items to measure reliability cumulatively. However, on checking
whether Cronbach’s alpha improved on the deletion of each of the items/variables one by one. It
was evident that Likes when removed, we had a reliable increase and improvement of the
reliability tests in our factor analysis. Cronbach’s alpha improved from 0.448 to 0.596, which
was still rejected, though improved, but below the threshold of 0.7.

4.4. Objective two results

To develop a machine learning model that uses the identified attributes to classify fake
news in Kenya. The ML model selected was built on neural networks that applied adaptive
boosting of decision trees to improve the performance of the weak learners and enhance overall
performance in our model.

The resulting tree-based adaptive boosting model is run by defining the base estimator as
a decision tree and pruning, with the max depth set at 3, as shown below.

Figure 13: Defining AdaBoost parameters

# We'll use 100 weak learners to build a strong Learner

classifier = AdaBoostClassifier(base_estimator=DecisionTreeClassifier(criterion="entropy', random state=7, max_depth = 3,
min samples leaf=5,max leaf nodes=7),n estimators=100)

classifier.fit(x_train,y train)
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Figure 14: The combined decision tree and AdaBoost model developed
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The originally developed model had a very large unpruned max_depth. After effecting
pruning and confining the max_depth to 3, above is a visualization of the developed decision
tree.

From our model above, we make use of entropy to define the decisions made in our model
as opposed to gini. The rules, therefore, are as follows:

1. If the task at the root node indicated by Index 3832 <= 0.328 and the task at
index 3053 <=0.416, then in the decision tree, we are currently in stage 1.
There are thirty-six thousand and sixty-six cases (36066) covered by this rule.
These were observed to be in stage 1.

2. Ifthe task at the root node indicated by Index 3832 <= 0.328, the task at index
3053 <=0.416, and the task at index 3442 <= 0.378, then in the decision tree,
we are currently in stage 1. There are thirty-six thousand and fifty-two cases
(36052) covered by this rule. These were observed to be in stage 1.

3. Ifthe task at the root node indicated by Index 3832 <= 0.328, the task at index

3053 <=0.416, and the task at index 3442 <= 0.378, then in the decision tree,

we are currently in stage 1. There are fourteen cases (14) covered by this rule.

These were observed to be in stage 1.

If the task at the root node indicated by Index 3832 <=0.328 and the task at

index 3053 <=0.416, then in the decision tree, we are currently in stage 1.

There are fourteen cases (14) covered by this rule. These were observed to

be in stage 1.

5. Ifthe task at the root node indicated by Index 3832 <= 0.328, the task at index
3043 <=0.127, and the task at index 3000 <=0.159, then in the decision tree,
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we are currently in stage 2. There are eighty-six cases (86) covered by this
rule. These were observed to be in stage 2.

If the task at the root node indicated by Index 3832 <=0.328, the task at index
3043 <=0.127, and the task at index 3000 <=0.159, then in the decision tree,
we are currently in stage 1. There are seven cases (7) covered by this rule.
These were observed to be in stage 1.

If the task at the root node indicated by Index 3832 <= 0.328, the task at index
3043 <=0.127, and the task at index 3832 <=0.367, then in the decision tree,
we are currently in stage 1. There are fourteen cases (14) covered by this rule.
These were observed to be in stage 1.

If the task at the root node indicated by Index 3832 <=0.328, the task at index
3043 <=0.127, and the task at index 3832 <=0.367, then in the decision tree,
we are currently in stage 1. There are six cases (6) covered by this rule. These
were observed to be in stage 1.

4.5. Objective three results

1. To evaluate the accuracy and assess the ease of deployment of the model.

The AdaBoost model chosen yielded promising results because the data cleaning and
processing made a combined use of various techniques. This ensured the data ran through the
model met some necessary key pre-requisites before being selected for model building, testing,
and validation with actual data.

Figure 15: Showing AdaBoost Model Using Decision Tree as Base Estimator
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Figure 16: Showing the chosen AdaBoost Model confusion matrix for each of the five times it was
performed in our K-Fold/5-Fold approach
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The figure above shows how our model performed on a confusion matrix. The TN values
were higher than the FN values, as well as the TP for each FP. This would, therefore, clearly lead
to a high TPR and low FPR, which is critical in determining AUC-ROC.

Figure 17: Showing TPR and FPR and AUC-ROC on the test data
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The model was then deployed to check and test TPR and FPR on the 5

folds of data sets. It performed as shown above to give the above FPR and TPR

values and respective AUC-ROC values.
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Figure 18: Showing model accuracy, with respect to other model performance metrics, precision,
recall, F1 score, and AUC values for each of the models

Model 1 - AdaBoost Model (Decision

Tree as the Base Estimator with 100

weak learners) 80% 84% 69% 76% 73%
Model 2 - Decision Tree 54% 44% 32% 37% 52%
Model 3 - LSTM 51% 56% 39% 46% 50%
Model 4 - Naive Bayes 43% 39% 15% 22% 49%
Model 5 - Random Forest 41% 80% 35% 49% 43%
Model 6 - SVM 54% 48% 41% 44% 47%

The figure above shows a summary of the results for the other models as compared to the
selected model. The AdaBoost model using a decision tree as the base estimator outperforms the
LSTM, Naive Bayes, Random Forest, SVM, and traditional decision tree models.

4.6 Discussion of results- Compare and contrast your results with results obtained by
other studies

The results, as compared to other studies, had key similarities and differences in the entire
process of data collection to model building and final model tuning.
Specific to the attributes that could be used to classify fake news, our investigations bore the
following key findings and observations with regard to the first objective:-

o Decision Trees

University of Minnesota CSE, 2021, as compared to our AdaBoost model
with the decision tree as the base estimator, were very different in their
approaches. This model takes a mathematical approach to calculating the
decision tree without necessarily presenting the final model outlook as we did in
our approach. The two completely contrast with each other because in using our
model, we identified the attributes of interest and started off by testing
relationships and correlations of these attributes to the ident direction of the
relationship. University of Minnesota CSE, 2021, did not apply this initial step
in attribute identification on the same attributes we identified. The key approach
here is separating records or data points using the inherent difference in
characteristics. There was no attempt to identify attributes close to the ones we
used for our approach.

o Random Forests
Islam et al., 2019 presented a Random Forest model that is more effective

when the data, in this case, text data of political period posts on Facebook, had
very high or large dimensions and there was a need to reduce the white noise or
non-intuitive aspect of the text data in the model. We limited our approach to the
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following key attributes — ‘Title,) 'Text Resized,’ 'Embedded URLS,
‘Actual_URLs," 'Subject,’ 'Date,’ 'Month,” 'Month words," 'Entity," 'Likes,'
'Flagged_in_fact_checker sites,”  'Account_Holder_Profile_Genuine'  and
‘Category. Although the Random Forest Model, as shown by Islam et al., 2019
could take more variables than the ones mentioned in my model. They used
completely different attributes, with “Facebook posts” and ‘URLs’ being the
only similar attributes.

o Simple Vector Machine (SVM)

Bedi, 2018 applied binary classification of a very large dataset just as we
did. The only key difference is that our model had a much larger volume of data,
and our classification was informed by 12 attributes at the outset, which helped
in increasing our model accuracy and deployment. Bedi, 2018 made use of an
SVM which is known to efficiently perform a non-linear classification process
while effectively applying a kernel shrinking. This ensures it consistently maps
inputs into very high-dimensional feature space. However, the attributes only
involved the test in being classified and the label. There was no consideration for
multiple languages. These differences ultimately limited the performance of their
model, as shown in Figure 17.

o K-Means Clustering

This was an unsupervised machine learning model, where Foley, 2019
made use of unlabeled data, and the model would later categorize the data set
after preprocessing and standardization. It proved incomparable or unusable in
this case since our data was already labeled. The data set we were working with
had binary labels of being either Fake or Genuine. The use of this model would
not prove useful or relevant. Therefore our modeling discarded this model
completely since unsupervised learning would not yield the kind of output we
sought from the outset.

We next assessed the key similarities and differences after we developed
various machine learning models that used the identified attributes to classify
fake news in Kenya. These are discussed in detail below:-

o Decision Trees

In its use of Decision Trees, the University of Minnesota CSE, 2021 is
able to perform labeling just as we were able to in our AdaBoost model. The key
difference is that they go into the mathematical approach of creating the decision
tree without coding or programming language and technology use. The
AdaBoost model proposed was developed with the decision tree as a base
estimator of the ensemble model built. The classification model we advance goes
further in ensuring attributes that will further enhance the model building. For
example, filtering out data sets already flagged in fake news tracker sites are
removed in the preprocessing step, as well as Facebook posts that contained
URLSs known to link to Fake news posts.
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o Random Forests

Islam et al., 2019 built a SARF — Semantics Aware Random Forest that
effectively extracts the attributes and features used by the Decision Trees to
generate the labeling predictions and thereafter selects a subset of the relevant
predictions in the predicted classes. However, this model performed very well
on 30 known real-world text datasets in a test environment. When used on our
data set, it fell short in terms of accuracy and all the other performance metrics
used for comparing with our AdaBoost model. These performance statistics will
be further advanced in our next section on the actual performance of all the
models. Both models can effectively handle high-dimensional datasets, with the
only limitation being computing power. However, since the Sentiment Aware
Random Forest by Islam et al., 2019 is a traditional model based on several
Decision Trees as compared to the AdaBoost model, which uses a decision Tree
as a base estimator and goes further to optimize the weak learners from the initial
classification function, we would, later on, have a higher accuracy from the
AdaBoost model as compared to the Random Forest because of this key
difference.

o Simple Vector Machine (SVM)

Bedi, 2018 proposed the use of an SVM for binary classification that is
linear, doesn’t take into account higher than binary dimensions, and made use of
our approach in pre-processing and the development of TF-IDF. Their model,
however, misses updating the dictionary used for removing stop words and
doesn’t update the dictionary for lemmatization as well. These are key since
some of the words in our Facebook posts are mixed dialects or non-English
words. The final prediction function for our model is non-linear, while the SVM
model is linear. Because of these very different approaches, we end up with two
very different levels of accuracy and overall performance for the models, as we
would later on see.

We evaluated the accuracy and deployment of each model as follows below:-

The Decision Trees proposed by the University of Minnesota CSE, 2021 had
foundationally more similarities that made up our chosen model but were not enhanced to handle
multi-dimensions to the degree that the chosen AdaBoost model could work due to how the
model was optimized, and the parameters were tuned. Hence the — accuracy, precision, recall, F1
Score, and AU-ROC values were all below our chosen model with a huge margin of the highest
gap at 37% and the lest gap at 21%, the AUC-ROC and Recall values, respectively. The overall
model accuracy had the AdaBoost outperforming the Decision Tree at 80% and 54%,
respectively.

The Random Forest, proposed by Islam et al., 2019, due to its ability to handle high
dimensionality and work with several trees before aggregating its final model to a set of high-
performing trees, enabled it to perform as close to the AdaBoost model since its contained an
aspect near similar for the AdaBoost in optimizing weak learners and using the decision tree as
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the base estimator. There was only a 4% gap in precision value between the Random Forest at
80% and the chosen AdaBoost model at 84%. However, the accuracy for the latter at 80% was
40% higher than for the former.

The Bedi, 2018 SVM was built founded on linear modeling with no consideration for a
high count of attributes of very large data sets. The pre-processing was nearly similar but without
due consideration for language richness or the need to enhance the stop words and lemmatization
dictionaries to counter multiple languages. This, therefore, led to an (SVM) with performance
metrics below the AdaBoost model. The Accuracy, Precision, Recall, F1 Score, and AU-ROC
values were at 54%, 48%, 41%, 44%, and 47%, respectively.

Comparatively, the chosen AdaBoost model only came close in performance metrics to
the Random Forest, as proposed by Islam et al., 2019. The other models came inferior in
performance. In terms of use, though all models can be manually used, the AdaBoost model can
be ported or applied by anyone by simply importing the “AdaBoost.Pickle” file generated in

python as indicated below:
Figure 19: AdaBoost.Pickle file used for exporting and transferring the built model for use.

def analyseText(text):

cls = pickle.load(open(Tadaboost.pickle™,"rb" "))
vct = pickle.load(open(“vectorizer.pickle™, " rb"))

# First we need to clean the text given
text = cleanText(text)

# Then we need to vectorize the text
text = wvct.transform([text])

# And let’'s predict results wusing vector
pred = cls.predict(text)

decision = "neutral_ indeterminate™

if pred[o] == ©o:
decision = "Fake news"”

elif pred[©o] == 1:
decision = "Genuine news"”

return decision

This ensures the model can be used by anyone and retrained for further enhancing
performance if the metrics indicate a drop in performance.

4.7. Summary of results

The models were assessed on various performance metrics, including - accuracy,
precision, recall, F1 score, and AUC-ROC values. Accuracy, which evaluates the number of
correct predictions divided by the total number of predictions, is expressed as a percentage.
Precision which denoted the ratio of true positives and total positives predicted. The recall is a
statistic that measures the ratio of true positives to all the positives in the ground truth. F1-score
measured the harmonic mean of the precision and recall statistics in the respective models. Lastly,
the AUC-ROC, which means Area under the Receiver operating characteristics curve, was the
plot of the TPR and FPR on a linear curve. Overall the AdaBoost model had higher accuracy and
performed better on the test and validation data, using the K-Fold validation approach as
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compared to the SVM, Random Forest, Naive Bayes, LSTM, and Decision Tree ML Models. We
observe that AdaBoost outperformed all the other models on the same dataset, with only random
forest coming close in the precision metric at 80% and 84% for random forest and AdaBoost,
respectively. This was expected because AdaBoost improved the weak learners from the
Decision Tree model as its original algorithm.

With regard to accuracy, the AdaBoost model had the highest accuracy at 80%, while the
least accuracy was attained by the Random Forest model, which barely attained an accuracy of
41%. Naive Bayes was just 2% above the performance of the Random Forest. The decision tree
and SVM models all had an accuracy of 54% each. With regard to Precision, only the AdaBoost
and Random Forest models managed to attain values of 80%. The Naive Bayes model attained a
precision value of 39%, with the Decision Tree and SVM managing 44% and 48%, respectively.
With regard to Recall values, all the models didn’t attain high values for Recall. With AdaBoost
at 69% and the lowest score of 15% attained by Naive Bayes., F1 scores were below 50% other
than for the AdaBoost model, which attained a score of 76%. The AU-ROC curve values were
at 73% for the chosen model, with the rest of the tested models attaining AU-ROC values of 50%
and less.
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CHAPTER FIVE: CONCLUSIONS AND RECOMMENDATIONS

5.1 Introduction

The attempt we made to develop an ML model for hate speech classification in the
Kenyan contexts specific for political messaging was successful as tested and validated using
five folds for testing and comparing among various models, namely:- SVM, Random Forest,
Naive Bayes, LSTM and Decision Tree ML Model.

This chapter provides a detailed conclusion of the findings we got after carefully
assessing the results. The results summary in chapter 4 highlights this in broader detail. The
contributions we have made to similar studies done in the past are also highlighted. A careful
assessment of all relevant studies mentioned in our literature review and how the study conducted
has contributed to the advancement in knowledge in this field is highlighted and broadly
discussed. We hope the work done will be critical in informing further advancements in research
in this area. We also made an observation on the opportunities for future research in this area. In
this chapter, we will also highlight policy actions that can be effected by all knowledge generated
from this study.

5.2 Conclusions

While this study focused on ensemble model building and how this was utilized to build
a model for classifying fake and genuine news in the Kenya political period environment.
Particularly Adaptive boosting model, specifically the AdaBoost model, had the best
performance across all measurement metrics. Though other adaptive boosting models exist, our
model was mainly chosen, having iterated and optimized various parameters using AutoML
frameworks in google colab. The model is also usable since we tested using five folds for
validation instead of just splitting the data set into training and test sets. 82 adaptive boost model
pipelines were generated and ranked from the initial parameter optimization process, and the
selected model was far superior to the others. The ensemble building process was comparative
among 81 other ensembles, clearly providing superior performance compared to other models.
Hate speech classification and model building greatly benefit from ensemble models as opposed
to traditional models.

We can also conclude that not all ensemble models are superior. As exhibited, different
aspects of the ensemble models make the model usable and efficient. The critical aspect of the
tradeoff between computing power and time is vital. The model built was tested among various
activation functions while adjusting multiple parameters to develop many pipelines within the
adaptive boosting neural network approach. The parameter optimization deeply assessed various
parameter effects on the model from the pipeline profiler map and table generated that assessed
the effect of each of the following: - class balancing, random forest presence, Mip presence effect,
different trees and pruning, Sgd, whether the model being passive aggressive was effective,
feature type effect and gradient boosting as some the critical adjustments in the pipelines that
improved or worsened the value of the AUC — ROC as shown in figures 19, 20 and 21.
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5.3 Contributions of the study

The model was run on primary data for validation and testing in a 5-fold validation
process. This shows how the model performs with actual live data. Our model is built and can be
visualized and transferred, hence complimenting transfer learning. The study used neural
networks to enhance a commonly used algorithm called decision trees. We were able to identify
weak learners and boost their learning rate. This was achieved by the use of AutoML approaches
to test the AdaBoost model in up to 82 pipelines. Though approaches from previous studies, none
involved the use of AdaBoost for binary labeling. We evaluated this model from other previous
models and optimized parameters through the 82 pipelines, going above and beyond what the
other models had achieved. The essential contribution is in the specific choice of parameter
values to adjust the thresholds for these adjustments and the ultimate performance accuracy
realized by these adjustments.

The study had two main contributions:

1. We moved from manual ML model building to automated machine learning and
parameter optimization of hybrid or ensemble models. From a list of models consisting
of deep learning neural networks and hybrid combinations by Riedal etal. 2017; Largent,
2017; Chopra and Jain, 2017; Thorne et al., 2017; Akshay et al. 2017; Aymanns et al.,
2017; Karadzhov et al., 2017; Ruchansky et al., 2017; University of Minnesota CSE,
2021; Islam et al., 2019; Bedi, 2018 and Foley, 2019. The ability to manually test among
various activation functions, which include:- Linear Function, Sigmoid/Logistic
Function, Tanh Tangent Hyperbolic Activation Function, Tanh derivative RELU, Leaky
ReLU Function, Parametric ReLU Function, Exponential Linear Units (ELUs) Function,
Softmax, Swish, Gaussian Error Linear Unit (GELU) and Scaled Exponential Linear Unit
(SELU). Is not only a detailed process but error-prone if done manually and time-
consuming in value adjustment. AutoML and pipeline profiling reduce the time taken and
manually driven parameter optimization, where from the 82 pipelines generated, we could
select one with the best performance.

2. Within the ensemble models composed of adaptive boosting, we can show that
classification functions using this form of boosting are far superior and efficient in the
results compared to the other models.

3. The model we also built, as compared to other Adaptive boosting models used to classify
fake news, especially models by Largent 2017 and Thorne et al. 2017, are uniquely
different in performance and approach in building from the proposed approach where we
use AutoML and the manual approach used by, Largent 2017 and Thorne et al. 2017.
While we can test automate the testing across essential activation functions and parameter
value adjustments, review this in the pipeline profiler and ultimately select the superior
model. Largent 2017 and Thorne et al. 2017, use a manual selection of activation
functions and parameter values.
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5.4 Recommendations for Future Research

It is implementing fake news classification, not on binary classifiers but on the multi-
classification of labels. The fake or genuine binary labeling does not consider multiple classes
aspect with the existence of both mis- and dis- information. The reality is that there exists a
category of facebook posts that contain a mixture of genuine and fake aspects in reporting or that
have URLs already flagged in fake news tracking platforms. While the latter, as a pre-check
before classification, improves model performance, the former creates a grey area on whether a
portion or section of a post is genuine or fake. Binary labels will not improve classification as
compared to multi-class labels. This is a possible research area. Multi-class classification is an
opportunity for further research that can be further developed.

The adaptive boosting model performed better across all 5 folds of validation data. The
model created a test and tweaked parameters in calling the model fitting functions. Other
parameters are tuning and optimizing techniques that were not utilized due to resource
constraints. For enterprise-grade solutions that can be scaled, there is an opportunity to test
resource-intensive approaches like the use of diverse activation functions that the google
computes environment was inhibited from implementing owing to huge costs and robustly
compare results.

The model was built on text data type in a natural language setting involving posts in
Kenya, regardless of the language used. The language was later translated before being used.
There is an opportunity to implement fake or genuine news classification in multi-media content
containing a mix of images, emojis, emoticons, and motion pictures. The reality is that fake and
genuine news is never purely an expression containing only text data but is a mix of multiple
data types that the model-building process needs to be robust enough to deal with, such as in the
event of audio and video data formats.
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Appendix 1: Research Schedule

Figure 20: Illustration of the research schedule

Data Ingestion
*Facebook Graph API
*Manual data import
*AutoML Tools Selection
*Google Colab and Tensorflow powered TPOT
*Snorkel
*H20
Data pre-processing used of NLTK or PyCaret
*Tokenization
*Stop words removal
*Stemming
+Split Train and Test set allowing for K-Fold (5-Folds) validation
*AutoML Model Building

*Build models from the three platforms using BERT for
sequencing to avoid token by token processing

*Model K-Fold Validation (consideration of many models and to
avoid overfitting)

Split into K-Folds (5-folds) conduct validation for each of the
models and select final model

*Model deployment and management
*Deploy

*Track performance ensure continuous improvement
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Appendix 2: Resources and Budget

The Table below indicated all the required resources and expected cost.

Figure 21: Budget breakdown

Item/Budget Line Per Unit Cost Number of

Total Cost

1 Adequate Internet bandwidth 20 MBPS 5,999 4 23,996

2 Ethical approvals 1 10,000 1 10,000

3 Facebook Academic Research 1 N/A 1 0
Approvals

4 Transportation 1 500 16 8000

5 Communication 1 Month 1000 4 4000
Software costs (covers google

6 cloud platform storage, 1 10,000 1 10,000
tensorflow processing unit for
processing)

7 Hardware costs (laptop) 1 90,000 1 90,000

145,996
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Appendix 3: The full model with max_depth of 399

Figure 22: Decision tree model visual with complete max_depth at 399
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Appendix 4: TF-IDF breakdown

The detailed results from our TF-IDF were too significant to illustrate as a table. We illustrate
the columnwise aggregates of TF-IDF in the below table.

Figure 23: Showing TF-IDF column-wise sums

Sum of TF- Terms Sum of TF- Terms Sum of TF- Terms Sum of TF-
IDF IDF IDF IDF
Columnwis Columnwis Columnwis Columnwis

e Summary e Summary e Summary e Summary

373.364 422,597 nation 381.411 Ccitizen | 611507
century 166.411 house 144.775 president 347.691 Uhuru 440.458
magufuli 131.468 Friday 132.046 presidential 145.546 said 263.577
berlin 127.153 former 125.036 Monday 121.755 Raila 244.297
Beijing 119.454 democratic 117.092 ruto 115.345 st 172.838
china 98.425 kenyas 83.455 new 111.128 wire 171.676
Nairobi 96.135 government 74.175 one 110.872 says 166.850
Mombasa 89.909 jubilee 72.457 people 107.311 republic 166.127
candidate 84.282 first 70.034 members 88.607 Wednesday 152.038
campaign 83.791 german 69.174 party 84.738 Thursday 150.422
court 75.450 election 67.297 minister 82.842 Tuesday 143.073
bill 75.293 Germany 62.455 media 78.431 video 134.538
administrati 73.529 group 61.114 news 71541 state 114.397
ggy 58.083 foreign 56.509 political 71.295 would 112.131
called 57.834 governor 54.964 representati 64.126 white 71.659
Nakuru 57.020 general 54.500 \p/(reisme 59.646 Sunday 70.007
Barack 56.193 judge 52.188 national 59.625 th 68.677
citizen 56.138 DCI 52.181 paul 58.249 us 67.429
another 54.724 director 47.069 north 57.663 two 67.049
could 52.022 democrat 45.468 last 57.204 secretary 66.664
chancellor 47.717 Iran 42.358 president- 57.131 senate 66.561
Cairo 46.543 James 42.006 2:25} 56.479 week 59.687
back 46.391 Islamic 41.491 like 56.013 union 57.204
black 44.856 even 39.237 police 52.587 Saturday 55.606
Bernie 44.800 killed 38.762 leader 52.011 senator 54.286
conservativ 43.039 department 38.529 made 51.585 story 53.871
gomalia 42.388 Uganda 36.612 nominee 50.504 speaker 53.439
committee 41.964 democrats 36.444 man 50.335 security 52.974
Chinese 41.918 executive 36.412 military 49.292 Syrian 52.019
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independent . presi . sure
Benghazi 12.350 investigatin 10.434 percent 12.955 trip 12.786
battle 12.226 ?ather 10.412 lawsuit 12.886 stand 12.786
council 12.191 intends 10.337 peace 12.880 small 12.776
com 12.150 hopes 10.322 nov 12.840 ruled 12.776
central 12.077 fighters 10.316 professor 12.797 terrorist 12.634
controversia 12.069 hear 10.314 offered 12.746 resigned 12.481
Ilaomb 12.066 form 10.310 pretty 12.558 William 12.445
act 12.063 emails 10.296 Libya 12.540 unveiled 12.439
alleged 11.583 Iranian 10.257 rep 12.521 wanted 12.390
dec 11.525 failed 10.234 reform 12.480 western 12.315
attention 11.447 east 10.219 reached 12.479 try 12.197
current 11.341 girl 10.216 might 12.445 rules 12.129
blocked 11.158 denied 10.193 protest 12.434 ties 12.102
Bucharest 11.148 Greece 10.076 mass 12.346 watching 12.068
capital 10.993 goes 10.059 majority 12.343 Tillerson 12.009
corruption 10.986 endorsed 10.057 pence 12.253 un 11.942
concerned 10.956 gets 10.036 question 12.223 sean 11.929
Baltimore 10.946 details 9.994 pass 12.126 return 11.767
armed 10.894 education 9.960 manager 12.120 rex 11.723
acting 10.889 dollars 9.900 region 11.922 telling 11.668
actually 10.872 instead 9.893 makes 11.885 third 11.624
appears 10.852 Kansas 9.792 position 11.832 wrote 11.583
crime 10.838 died 9.715 poll 11.807 takes 11.341
appeared 10.819 hours 9.690 opened 11.794 serious 11.300
Catalan 10.751 desperate 9.669 powerful 11.772 speak 11.274
company 10.747 Israel 9.640 passed 11.770 spd 11.270
comment 10.685 district 9.637 note 11.737 shut 11.201
believes 10.566 documentar 9.626 refused 11.620 swearing 11.080
ass 10.534 prosed 9.564 possible 11.618 scheduled 11.076
build 10.522 handle 9.561 Myanmar 11.616 voting 11.070
actor 10.508 future 9.555 outside 11.600 veteran 11.055
anchor 10.504 June 9.488 regional 11.599 someone 11.052
attempt 10.503 joint 9.421 politicians 11.598 transition 10.927
Christmas 10.480 fellow 9.279 probably 11.542 spent 10.861
blame 10.466 Georgia 9.254 list 11.521 street 10.846
behind 10.445 joined 9.210 mexico 11.425 statement 10.825
arab 10.398 discuss 9.194 middle 11.375 victim 10.805
also 10.364 Elizabeth 9.189 repeal 11.371 showed 10.750
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ahead 9.002 helped 8.060 Maher 9.390 speaking 9.508
cities 8.990 epic 8.058 Pennsylvani 9.388 strikes 9.434
captured 8.981 greater 8.022 ;osted 9.285 term 9.421
add 8.949 Hampshire 7.966 relationship 9.256 threatening 9.377
clearly 8.936 fund 7.917 macron 9.252 stage 9.371
comedian 8.883 event 7.910 personal 9.189 ways 9.272
anti-trump 8.836 February 7.898 Reilly 9.135 sought 9.222
Aden 8.824 investor 7.896 millions 9.127 super 9.188
backlash 8.764 internet 7.872 legislative 9.048 tucker 9.170
chuck 8.759 far-right 7.861 network 9.033 tweeted 9.146
Conway 8.755 gas 7.849 line 9.016 returned 9.119
course 8.751 floor 7.814 nomination 8.994 threw 9.114
author 8.720 Dennis 7.814 mind 8.967 wi 9.113
begin 8.643 land 7.800 liberals 8.960 retired 9.088
bring 8.622 introduced 7.792 Melania 8.916 temporary 9.077
church 8.569 information 7.791 popular 8.810 temer 9.038
august 8.564 January 7.780 price 8.740 votes 9.013
approval 8.561 holding 7.776 planning 8.729 terrorists 8.987
CEO 8.558 destroy 7.751 loves 8.721 tired 8.938
book 8.537 especially 7.745 program 8.672 sa 8.902
boy 8.531 highly 7.729 Maine 8.633 threatened 8.901
actions 8.492 formally 7.685 quickly 8.602 tonight 8.794
Carlson 8.487 dozens 7.656 often 8.557 vowed 8.754
charleston 8.464 investigator 7.645 regarding 8.550 saw 8.748
caused 8.463 ;od 7.644 questions 8.546 wow 8.741
aimed 8.460 hoped 7.626 Paris 8.533 target 8.718
commerce 8.450 entire 7.560 paying 8.528 terror 8.670
class 8.402 editorial 7.525 owner 8.509 ridiculous 8.659
aware 8.378 feel 7.512 Palestinian 8.505 source 8.642
colorado 8.369 freedom 7.495 Palin 8.481 transgender 8.565
aid 8.289 hack 7.464 navy 8.472 uh 8.559
building 8.227 discussed 7.453 pledged 8.457 sued 8.540
accept 8.186 journalists 7.410 read 8.455 view 8.537
brought 8.152 husband 7.394 progress 8.451 spending 8.476
Belfast 8.147 expect 7.365 project 8.294 resignation 8.450
africa 8.134 diplomatic 7.344 organizatio 8.291 tells 8.439
agree 8.099 historic 7.325 ;olls 8.265 share 8.408
created 8.095 guilty 7.300 means 8.265 website 8.374
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8.348
8.338
8.278
8.276
8.224
8.165
8.116
8.086
8.028
7.968
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7.943
7.937
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7.803
7.787
7.787
7.785
7.782
7.767
7.746
7.727
7.697
7.693
7.641
7.599
7.572
7.533
7.530
7.528
7.521
7.489
7.470
7.449
7.449
7.431
7.418
7.409

73



Sum of TF- Sum of TF- Sum of TF- Sum of TF-
IDF IDF IDF IDF
Columnwis Columnwis Columnwis Columnwis

e Summary e Summary e Summary e Summary

carrying . embarrassin . radical . thai

debt 7.054 Enew 6.667 nbc 7.106 usual 7.345
announce 7.054 hussein 6.651 points 7.100 roy 7.329
aides 7.028 ite 6.646 longer 7.090 wilbur 7.328
declined 7.021 else 6.618 removed 7.070 round 7.325
committed 7.009 dutch 6.606 replace 7.064 together 7.316
child 7.007 grand 6.597 living 7.038 shi 7.314
angry 6.996 exchange 6.596 presiden 7.028 wikileaks 7.311
clarify 6.990 happen 6.561 marched 7.011 short 7.305
bruce 6.984 killing 6.556 league 6.962 ta 7.285
appearance 6.929 firing 6.519 mission 6.952 respect 7.257
alliance 6.870 foundation 6.518 religious 6.914 starting 7.242
crimes 6.869 hand 6.515 parts 6.905 safe 7.242
charlottesvil 6.858 fear 6.512 needed 6.886 shown 7.237
::;sault 6.843 expects 6.497 pro 6.885 straight 7.172
bureau 6.826 follow 6.496 prison 6.872 towards 7.169
bi 6.817 increase 6.473 ousted 6.864 turns 7.160
asylum 6.811 interior 6.439 militant 6.860 rick 7.139
cuomo 6.796 game 6.433 pathetic 6.844 worth 7.124
canada 6.763 judicial 6.398 rant 6.823 wait 7.095
decide 6.760 editor 6.365 po 6.813 seeing 7.087
counterpart 6.745 hospital 6.362 likes 6.809 test 7.087
corporate 6.688 disgusting 6.324 maduro 6.804 republic 7.072
certainly 6.667 designed 6.322 nicolas 6.804 suspended 7.057
belgrade 6.661 judiciary 6.317 newly 6.789 upon 7.056
arrived 6.655 disturbing 6.309 please 6.788 san 7.039
banking 6.603 internal 6.307 literally 6.774 trouble 6.991
charlotte 6.598 exactly 6.293 louisiana 6.757 teacher 6.986
additional 6.589 gay 6.235 prepared 6.754 result 6.947
cause 6.588 intel 6.235 promises 6.727 threats 6.932
criticism 6.570 invited 6.206 outrage 6.722 walking 6.928
convicted 6.562 isis 6.199 rather 6.715 total 6.921
avoid 6.557 google 6.188 longtime 6.693 wake 6.889
amid 6.548 holds 6.162 lawyers 6.684 risk 6.851
corrupt 6.528 ke 6.150 ragga 6.662 tennessee 6.807
art 6.518 kushner 6.128 pastor 6.640 water 6.789
account 6.475 jared 6.128 moved 6.637 society 6.755
cops 6.457 hacking 6.124 readers 6.629 republicanc 6.749
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corrected 6.445 insurance 6.118 losing 6.613 results 6.748
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ap 6.395 interference 6.099 mccain 6.546 rt 6.741
charles 6.386 denounced 6.073 meltdown 6.517 suicide 6.736
bedminster 6.374 disastrous 6.072 pointed 6.514 stay 6.702
awesome 6.345 extremely 6.072 poor 6.504 setting 6.695
area 6.333 investigatio 6.061 megyn 6.503 views 6.669
closed 6.317 Q(S)nors 6.052 referendum 6.498 testify 6.664
definitely 6.300 gov 6.029 reporting 6.457 though 6.659
caucus 6.284 germans 6.026 measure 6.456 thanks 6.643
bully 6.273 helping 5.986 mitt 6.423 rubio 6.615
ba 6.262 favor 5.984 pic 6.417 terrible 6.604
delay 6.252 headline 5.954 racism 6.415 tensions 6.572
brian 6.248 johnson 5.944 measures 6.402 september 6.532
cnn 6.206 hateful 5.929 pentagon 6.401 resign 6.527
conflict 6.184 elite 5.923 promise 6.399 taxes 6.485
allegedly 6.141 door 5.916 remove 6.365 weekly 6.462
appearing 6.132 easily 5.906 reelection 6.363 showing 6.443
advocates 6.130 developmen 5.902 lynch 6.335 winner 6.435
carl 6.124 ?rish 5.892 nationalist 6.333 room 6.402
atlanta 6.114 doubt 5.870 mexican 6.331 richard 6.394
brings 6.101 familiar 5.865 massachuse 6.328 tough 6.352
blow 6.099 heart 5.840 I)trs)erations 6.321 upset 6.338
contenders 6.023 diplomats 5.814 marco 6.272 wisconsin 6.301
actress 6.013 fa 5.801 playing 6.269 standing 6.300
areas 5.984 government 5.798 later 6.264 word 6.287
cuts 5.983 :ell 5.782 officially 6.239 watchdog 6.260
amendment 5.974 islamist 5.730 period 6.226 strategist 6.250
choose 5.973 emerged 5.728 mueller 6.221 SOros 6.249
complete 5.972 feed 5.718 ran 6.219 throwing 6.244
appear 5.961 keny 5.672 lee 6.217 sen 6.221
ballot 5.922 detention 5.659 pushed 6.201 ukraine 6.209
attend 5.908 homes 5.656 oregon 6.163 worker 6.187
considered 5.881 japan 5.641 nfl 6.098 strategy 6.168
correct 5.854 fit 5.639 quit 6.086 reserve 6.114
consumer 5.851 interest 5.623 probe 6.040 sta 6.114
cbs 5.845 fi 5.615 manafort 6.029 returns 6.099
ch 5.835 gorsuch 5.603 offer 6.010 speaks 6.047
curated 5.824 drops 5.594 reach 5.968 summoned 6.024
check 5.793 hopeful 5.585 mostly 5.965 spy 6.020
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Sum of TF- Sum of TF- Sum of TF- Sum of TF-
IDF IDF IDF IDF

Columnwis Columnwis Columnwis Columnwis
e Summary e Summary e Summary e Summary

l_aeijingtaipe hysterical . rauner : responsible

;nswers 5.778 immediatel 5.569 mean 5.930 safety 5.994
accusations 5.766 iysland 5.567 lose 5.919 schools 5.986
attended 5.755 ensure 5.543 launch 5.918 ron 5.981
belgium 5.753 ju 5.531 le 5.901 rise 5.967
bundy 5.747 hour 5.525 leaked 5.892 romney 5.959
confidence 5.738 hacked 5.520 records 5.858 supremacist 5.957
antifa 5.733 image 5.511 ne 5.852 statements 5.917
brown 5.708 hits 5.508 pulled 5.810 zone 5.912
amazing 5.695 jeanclaude 5.499 mosque 5.807 temporarily 5.909
decades 5.690 hilarious 5.488 ongoing 5.802 warrant 5.874
beyond 5.684 funny 5.480 picture 5.761 visa 5.853
advisor 5.683 keeping 5.472 ni 5.689 unusual 5.851
arkansas 5.668 founder 5471 raid 5.668 seat 5.817
bob 5.663 happened 5.469 numbers 5.650 sigmar 5.809
chaos 5.662 devos 5.457 negotiator 5.649 unit 5.804
danish 5.656 humiliated 5.444 miss 5.648 sit 5.790
demand 5.648 everywhere 5.432 los 5.637 wolfgang 5.778
bizarre 5.641 goldman 5.430 leadership 5.598 worried 5.751
certain 5.631 entered 5.408 prevent 5.581 sexually 5.740
ballistic 5.626 kim 5.382 opposed 5.574 serve 5.739
common 5.625 fourth 5.376 ove 5.568 undercover 5.731
aliens 5.614 hotel 5.364 ministers 5.527 targeted 5.729
break 5.608 guns 5.323 related 5.476 shocked 5.706
damage 5.595 jeb 5.322 maryland 5.462 va 5.706
begun 5.584 insane 5.321 leaving 5.461 victims 5.693
attorneys 5.575 dozen 5.309 peninsula 5.457 spend 5.686
coal 5.567 investigativ 5.304 multiple 5.446 secure 5.685
cast 5.557 gasy 5.302 presented 5.429 resumes 5.669
basically 5.547 hell 5.286 reference 5.426 sri 5.664
access 5.534 hall 5.284 minnesota 5.424 streets 5.658
cl 5.522 influence 5.282 recount 5.420 viral 5.622
demanded 5.522 fix 5.278 previously 5.416 worse 5.619
corey 5.505 electoral 5.265 orders 5.388 scalia 5.615
australia 5.499 facts 5.258 legacy 5.374 tweets 5.606
arms 5.475 el 5.256 listen 5.374 station 5.603
awkward 5.446 extended 5.236 outrageous 5.353 usa 5.592
active 5.425 green 5214 raising 5.315 tries 5.580
atlantic 5.411 largely 5.206 powers 5.310 space 5573
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cooperation surprised

airlines 5.397 dirty 5.199 learned 5.294 vegas 5.555
aoun 5.388 laid 5.177 nazi 5.269 suspect 5.544
canadian 5.371 desire 5.132 proven 5.243 supporting 5.541
absolute 5.362 julian 5.124 rare 5.226 rips 5.540
colombo 5.320 disaster 5121 remains 5.217 riot 5.533
brave 5.319 jets 5.090 negotiators 5.208 train 5.475
backing 5.303 favorite 5.077 progressive 5.187 wins 5.386
deliver 5.302 fill 5.064 loretta 5.184 reputation 5.377
antonin 5.293 easier 5.063 promote 5.182 summer 5.375
changed 5.265 focused 5.053 proof 5.178 schaeuble 5.357
audience 5.265 drop 5.053 problems 5.177 terrorism 5.349
bu 5.243 diplomat 5.050 owned 5.165 trust 5.342
assembly 5.243 example 5.049 process 5.145 via 5.291
december 5.226 gold 5.044 positions 5.121 veterans 5.291
bravo 5.212 experts 5.028 moving 5.116 summit 5.275
analysis 5.208 greatest 5.020 onto 5.112 segment 5.252
banks 5.200 hot 5.014 polling 5.099 wang 5.222
congresswo 5.193 interesting 5.010 previous 5.096 thugs 5.207
bmuasn 5.187 halt 5.007 nine 5.069 scaramucci 5.200
computer 5.183 directly 5.005 maria 5.069 ru 5.199
colin 5.178 kenyan 5.003 perhaps 5.058 Vi 5.198
catholic 5.142 kennedy 4.981 marginalise 5.052 slammed 5.196
coast 5.138 highest 4.967 leak 5.047 tens 5.193
beginning 5.126 girls 4.966 medical 5.047 tusk 5.193
data 5.102 intended 4.964 rating 5.043 rigged 5.182
agenda 5.093 doug 4.964 mentioned 5.041 sam 5.177
astana 5.085 involved 4.955 nd 5.024 sitting 5.172
clueless 5.084 golf 4.950 possibly 5.020 separate 5.165
create 5.083 giant 4.948 players 5.000 wearing 5.163
apple 5.078 exclusive 4.939 performanc 4971 totally 5.151
burns 5.072 divisive 4.938 nganizatio 4.943 thurs 5.150
columbia 5.064 horrific 4.906 Q\S/erseas 4.925 teen 5.148
carried 5.052 envoy 4.901 oh 4921 submarine 5.123
contrived 5.052 fed 4.880 mental 4917 writing 5.108
civilians 5.022 impact 4.874 lewis 4.902 unhinged 5.090
currently 5.018 haley 4.868 protester 4.895 signs 5.086
attempts 5.004 gon 4.854 nice 4.881 trail 5.082
conduct 5.000 housing 4.833 policies 4.876 truly 5.074
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investment
immigrants
explosion
draft
directed
juncker
areg
judges
drive
direct

endorsemen
t
dismiss

institute
graphic
japanese
justin

jan
headquarter

s
highprofile
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kurds
kasich
jon

hide
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failure
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item

drew
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propaganda
quick
markets
presidents
rape
prove

pull
proving
missouri
netanyahu
missing
nevada
questioned
lied
migration
pressed
liar
reportedly
moderate
migrants
opposes

province

predicted
market
rallies
parry
paid

laws
mauricio
opinion
magazine
owners
matt

opening
marine

port

profile
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wave
sat

sachs
upcoming
stein

ten

roles

rich
woods
waters
visited

su
worked
theory
serial
tour
treatment

writer
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sex

simply
sacked

update

successful
shares
trey
stuart
urging
tehran
table
talked
testimony
sue
suffering

surrounding
requested

sea

residents

Sum of TF-
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5.070
5.056
5.052
5.044
5.036
5.022
5.013
5.003
5.000
4.989
4.983

4.974
4.936
4.925
4.898
4.891
4.876
4.868

4.862
4.860
4.856
4.838
4.816

4.809
4.765
4.754
4.753
4.749
4.731
4.726
4.711
4.692
4.682
4.677
4.670

4.665

4.652
4.635
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4.379
4.377
4371
4.354
4.354
4.351
4.347
4.332
4.325
4.325

identified
inaugural
imposed

disgraced

guest
idiot
funded
faces

dp
furious

di
expanded
destroyed
ignorance
fair

drills
industrial
gowdy
illegals
football
hackers
ferguson
ideas
dialogue
devastating
feud
domestic
joy
difficult
driver
elect
interviewed
discussion
heavily
dictator
diversity
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exist

kentucky

Sum of TF-
IDF
Columnwis
e Summary

newspaper
patriot

parliamenta
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lawless

operation
negotiations
moves
reduce

partner

pirro
qualified
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movie

lewandows
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situation
taxpayer
road

shout

upheld
whining
thug
responded
stephen
vicious
sides
village
rouge

rod

wear

russians
viewers
unity
visas
sharply
site
suffered
temper
throughout
waiting
schumer
scene
vetoed
rioters
saudiled
vehicle
science
unless
spelling
silence
throw
suggested
seized

twice

Sum of TF-
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4.597
4.583
4.582

4.574
4.563
4.561
4.558
4.552
4532

4.525
4524
4.524
4.521
4512

4.498
4.491
4.487
4.485
4.466
4.461
4.457
4.456
4.454
4.449
4.448
4.445
4.436
4.429
4.419
4.400
4.386
4.381
4374
4.353
4.341
4.332
4315
4.307
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Sum of TF- Sum of TF- Sum of TF- Sum of TF-
IDF IDF IDF IDF
Columnwis Columnwis Columnwis Columnwis

e Summary e Summary e Summary e Summary

ability gathered . reaction . supports

assange 4.318 jake 4.098 obsessed 4.241 unlikely 4.300
blamed 4.318 guard 4.096 phony 4.234 uk 4.297
cincinnati 4.315 doors 4.092 libyan 4.229 reveals 4.296
alert 4.308 dhabi 4.089 moscow 4224 smart 4.289
campus 4.306 finds 4.084 possibility 4.220 rising 4.276
contains 4.281 donations 4.078 male 4.198 suspend 4271
albany 4.281 intense 4.073 milwaukee 4.185 spying 4.249
campaignin 4.276 gove 4.070 package 4.185 terms 4.249
gloomberg 4.269 improve 4.057 li 4.164 seekers 4.244
christians 4.255 eye 4.050 platform 4.157 strategic 4.243
berkeley 4.255 heat 4.046 managed 4.142 seemed 4.240
abuse 4.241 fdp 4.045 pair 4.140 shawn 4.239
connecticut 4.241 disappointe 4.036 placed 4.132 watters 4.214
carry 4221 gates 4.032 protected 4.120 supported 4.205
classic 4221 however 4.031 ov 4.118 resume 4.196
borders 4.210 democr 4.030 portland 4.114 scandals 4.176
blacks 4.201 increasingly 4.023 represent 4.098 string 4.174
bannon 4.168 kevin 4.020 refuge 4.076 singer 4.172
apart 4.137 ease 4.019 lol 4.072 suspension 4.167
clean 4.136 italian 4,013 poised 4.070 rnc 4.160
birthday 4.129 dossier 4.007 observers 4.065 riots 4.158
advanced 4.128 earthquake 4.003 proves 4.062 turning 4.146
construction 4.122 flint 3.995 publicly 4.055 smith 4.145
demands 4121 exercise 3.975 peaceful 4.054 teachers 4.141
calif 4.120 farc 3.968 ratings 4.027 trillion 4.141
complex 4.119 dog 3.955 provided 4.024 springs 4131
career 4.115 difference 3.945 zero 4.020 subject 4.125
br 4.114 heavy 3.942 oversight 3.998 tu 4.116
comm 4.110 honor 3.931 reacted 3.976 voice 4.115
banned 4.107 discovered 3.931 pop 3.967 tantrum 4.101
criminals 4.104 jesse 3.917 remember 3.958 tapper 4.098
baby 4.098 famous 3.915 petition 3.950 somalia 4.098
category 4.096 draw 3.913 offend 3.943 sense 4.095
broken 4.083 heads 3.899 mor 3.943 speculation 4.086
dawn 4.067 fun 3.867 receive 3.942 signing 4.078
associated 4.058 jimmy 3.864 native 3.939 visiting 4.067
coulter 4.056 income 3.856 mocked 3.910 understand 4.033
bombshell 4.056 function 3.852 loyal 3.906 session 4.032
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jackson
hurt
either
ed

exploratory

determine
kfnx
encouraged
houston

fb

focus
disputed
devin

goal
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jury
jewish
jong
happening
horrible
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doctor
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document
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prolife
misconduct
probusiness
peo

raise

mr

modern

paragraphs
poland
names
lashing
lately
notice
launching
reminds
mom
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nat
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mouth
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per
promising
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tape
technology
resolve
standards
sur
territory

storm
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ugly

sell
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sentence
todd
threeway
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restrict
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4.029
3.999
3.983
3.981
3.967
3.966
3.966

3.966
3.963
3.950
3.946
3.926
3.925
3.923
3.919
3.904
3.889
3.889
3.882
3.873
3.863
3.863
3.852
3.851
3.845
3.837
3.831
3.831
3.829
3.828
3.827
3.827
3.815
3.810
3.803
3.803
3.791
3.775

3.773

81



Sum of TF- Sum of TF- Sum of TF- Sum of TF-
IDF IDF IDF IDF
Columnwis Columnwis Columnwis Columnwis

e Summary e Summary e Summary e Summary

deployment . nationwide . romanian
airbase 3.732 introduce 3.603 mate 3.652 written 3.758
conducted 3.718 interested 3.602 prior 3.651 type 3.720
deals 3.717 hat 3.598 range 3.649 signaled 3.719
critical 3.716 greens 3.598 loser 3.649 supposed 3.704
aside 3.710 hosted 3.597 memo 3.637 required 3.685
busted 3.695 dream 3.592 moon 3.625 solution 3.685
constitution 3.687 incredible 3.578 newt 3.612 strongly 3.680
Elooks 3.675 incredibly 3.577 perfect 3.601 te 3.677
congratulate 3.661 dick 3.575 mccarthy 3.589 terry 3.674
gelegates 3.654 fears 3.571 places 3.588 welcome 3.671
blocking 3.643 display 3.570 peshmerga 3.583 scale 3.667
commission 3.641 kalonzo 3.565 mic 3.583 sC 3.660
Z[lmed 3.637 islam 3.561 natural 3.568 rush 3.645
cash 3.630 gathering 3.561 reid 3.559 sector 3.640
benefits 3.623 insult 3.558 nominees 3.554 thur 3.639
convinced 3.616 focusing 3.557 netherlands 3.550 sdf 3.624
commentar 3.605 fool 3.557 register 3.549 russiagate 3.620
Zapitalism 3.604 factory 3.553 refusal 3.537 wing 3.616
brzezinski 3.598 england 3.547 path 3.526 stores 3.616
clashed 3.596 file 3.520 miami 3.519 securit 3.605
ages 3.596 emanuel 3.513 perry 3.515 toll 3.604
baseball 3.591 hannity 3.503 lock 3.509 spied 3.603
buckle 3.586 kirkuk 3.497 refuses 3.504 rowe 3.595
delusional 3.583 demonstrato 3.485 necessary 3.504 trudeau 3.589
creating 3.582 irflstitutional 3.478 queen 3.502 violated 3.582
advisers 3.569 hoping 3.475 numerous 3.501 tomi 3.560
amend 3.558 funds 3.472 pleaded 3.496 secured 3.550
connection 3.535 initiative 3.467 offering 3.490 significant 3.540
clock 3.523 illegally 3.467 meets 3.482 requiring 3.531
code 3.519 dnc 3.464 mnuchin 3.476 require 3.522
deadly 3.513 effectively 3.462 leg 3.474 speed 3.519
abandon 3.508 deplorable 3.459 peter 3.449 republi 3.514
brooklyn 3.496 fjs 3.452 links 3.444 responding 3.510
contender 3.495 insurgents 3.448 parent 3.440 revised 3.509
brigitte 3.495 duty 3.432 pharmaceuti 3.423 unidentified 3.506
cutting 3.488 ground 3.430 f:lligion 3.419 stability 3.504
creepy 3.479 failures 3.426 net 3.418 sinai 3.485
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Sum of TF- Sum of TF- Sum of TF- Sum of TF-
IDF IDF IDF IDF
Columnwis Columnwis Columnwis Columnwis

e Summary e Summary e Summary e Summary

cooper 3.478 fifth 3.403 regime 3411 standoff 3.481
alive 3.477 kenyaled 3.397 remain 3.400 wednesda 3.478
campaig 3.476 founded 3.392 rand 3.387 videos 3.474
crowds 3.473 ethnic 3.391 negotiating 3.387 suit 3.465
announces 3.472 korybko 3.388 lobbyists 3.383 stelter 3.464
awful 3.471 geneva 3.383 lodged 3.382 taiwanese 3.462
confronted 3.467 expose 3.373 opponents 3.376 thinking 3.454
comparison 3.464 exit 3.369 outlets 3.370 track 3.445
commit 3.435 describing 3.367 lavish 3.362 sanctuary 3.434
addressed 3.433 expand 3.350 parenthood 3.360 sweden 3.431
cons 3.428 ivory 3.335 passing 3.358 screams 3.430
assaulted 3.425 executives 3.330 marked 3.350 size 3.426
arrogant 3.420 fir 3.325 remind 3.346 warrants 3.425
commercial 3.395 forms 3.321 prince 3.346 rouhani 3.421
accord 3.393 extra 3.319 mea 3.342 Vs 3421
count 3.388 fought 3.310 partisan 3.342 ultimate 3.402
deeply 3.375 jesus 3.302 mcconnell 3.340 uni 3.401
breaks 3.364 hysteria 3.298 premier 3.335 screwed 3.393
alarm 3.348 investors 3.285 prayer 3.327 rest 3.387
deeper 3.337 finding 3.281 reg 3.319 sold 3.386
article 3.336 exposing 3.280 lemon 3.315 training 3.382
african 3.325 ethiopia 3.271 receiving 3.313 weak 3.381
afraid 3.319 invitation 3.265 memorial 3.311 securities 3.379
cars 3.319 jerry 3.249 legend 3.309 serbian 3.372
brownback 3.305 flashback 3.245 praise 3.300 restore 3.370
crossing 3.299 kept 3.245 mount 3.298 unacceptabl 3.362
commitmen 3.296 granted 3.245 poverty 3.296 Epokesperso 3.347
;cknowledg 3.289 insisted 3.237 occupy 3.292 ?eenage 3.344
Egnsumed 3.285 edward 3.236 minimum 3.284 vietnamese 3.342
cleared 3.280 jus 3.235 montana 3.284 tuesd 3.341
belt 3.280 experience 3.232 passenger 3.283 thank 3.341
card 3.276 jaein 3.230 minorities 3.281 testified 3.340
administrati 3.274 disney 3.228 publication 3.256 sun 3.331
guying 3.272 gift 3.227 potus 3.255 trum 3.321
daniel 3.271 ignored 3.225 pissed 3.242 republic 3.318
antiamerica 3.260 finished 3.222 personality 3.226 worry 3.315
Eishkek 3.259 destroys 3.218 monster 3.223 task 3.312
brothers 3.251 except 3.214 mohamed 3.220 whe 3.294
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IDF IDF IDF IDF
Columnwis Columnwis Columnwis Columnwis

e Summary e Summary e Summary e Summary

apology holiday . notorious . somehow

champion 3.235 environmen 3.203 pressing 3.218 resumed 3.286
bringing 3.232 ;armers 3.196 min 3.218 unprecedent 3.281
criticizing 3.230 infamous 3.191 outgoing 3.216 zﬁoot 3.266
celebrated 3.230 jill 3.185 prospect 3.210 speeches 3.259
cover 3.227 erupted 3.183 mick 3.199 woke 3.251
admitted 3.217 division 3.176 regards 3.197 thu 3.247
afternoon 3.215 info 3.173 leads 3.194 thursd 3.243
behalf 3.210 guevara 3.158 mooch 3.188 tweeting 3.242
censorship 3.207 ir 3.154 migrant 3.184 thin 3.233
concerning 3.207 fine 3.151 negative 3.173 victories 3.232
boat 3.195 getelements 3.149 protested 3.172 scarborough 3.231

bytagname

barry 3.195 g_etelementb 3.149 postponed 3.167 roll 3.200
columnist 3.193 )cgli(sjcussing 3.147 mon 3.163 veritas 3.198
bragging 3.176 extend 3.142 podesta 3.161 stern 3.195
bl 3.173 icon 3.140 ref 3.160 thursda 3.194
crack 3.172 klein 3.140 professional 3.153 stone 3.188
closing 3.162 harassment 3.134 liberties 3.152 research 3.187
crude 3.161 hunt 3.127 portion 3.148 sink 3.178
celebrities 3.154 eliminate 3.126 pundit 3.140 unreal 3.175
allen 3.153 gore 3.125 pu 3.133 targeting 3.162
buy 3.152 incoming 3.121 lepage 3.133 vision 3.154
collapse 3.150 influential 3.107 regulator 3.133 scam 3.150
controversy 3.148 kerry 3.107 pictures 3.132 Visits 3.149
approve 3.147 expanding 3.105 pledge 3.131 tal 3.148
delaying 3.136 embattled 3.103 options 3.124 strongest 3.147
charlie 3.133 era 3.102 philadelphia 3.121 steven 3.140
barely 3.129 investigate 3.102 legislators 3.115 values 3.137
ammon 3.121 golden 3.097 proud 3.114 tw 3.135
controls 3.119 hypocrisy 3.094 nigerian 3.111 rushed 3.135
consistent 3.111 lahren 3.087 reagan 3.101 tea 3.135
ci 3.101 joining 3.085 rahm 3.101 shift 3.132
alassad 3.094 gary 3.084 quiet 3.099 study 3.132
aggressive 3.089 interests 3.080 rank 3.097 success 3.129
bentley 3.088 estate 3.077 privilege 3.082 witch 3.127
clashes 3.088 individual 3.076 navarro 3.081 wore 3.118
bloody 3.081 forme 3.074 mc 3.074 violating 3.107
bla 3.074 flags 3.072 missiles 3.071 silent 3.103
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annual . involving . nationals . stands

creation 3.065 lankan 3.067 letting 3.046 statue 3.085
crackdown 3.064 jason 3.065 neighbors 3.042 unfortunatel 3.084
ball 3.063 huckabee 3.063 model 3.035 \>/Ivalk 3.076
danger 3.062 featuring 3.063 meddling 3.035 sending 3.068
briefing 3.054 exploring 3.060 legislature 3.034 skin 3.067
celebrity 3.054 expressing 3.055 libertarian 3.032 rolling 3.066
dark 3.052 handful 3.048 gatar 3.032 seattle 3.063
asian 3.050 lanka 3.048 repeated 3.025 sane 3.061
brutally 3.049 kaine 3.046 orange 2.993 sources 3.047
chemical 3.048 excon 3.044 pension 2.989 schulz 3.039
cli 3.037 donnell 3.029 particularly 2.985 screaming 3.039
aim 3.031 gig 3.025 rate 2.982 season 3.031
bloc 3.027 imam 3.023 maintained 2.975 shutting 3.027
assassinatio 3.027 kick 3.021 reiterated 2.970 taxpayers 3.018
Zheckpoint 3.020 fall 3.019 newest 2.956 suggestion 3.016
burn 3.017 ibrahim 3.019 physically 2.953 revolutionar 3.013
boeing 3.016 guesses 3.012 ou 2.945 |)'luns 3.003
baldwin 3.007 gotten 3.009 membership 2.944 slovakia 2.989
argument 3.007 foot 3.006 lay 2.930 voiced 2.985
compared 3.003 emerging 3.000 marriage 2.923 sound 2.975
brother 2.994 indeed 2.998 lets 2.917 scorches 2.974
assaulting 2.990 lack 2.992 participate 2917 ship 2974
burka 2.987 examining 2.973 proposes 2914 thrown 2.970
bratislava 2.980 initial 2.963 potentially 2912 rock 2.957
core 2.976 fallen 2.957 maintain 2911 text 2.945
clintons 2.976 doubts 2.950 lea 2.909 wallace 2.943
ads 2.975 honest 2.949 neurosurgeo 2.905 scary 2.941
barnier 2.965 holocaust 2.948 gvernight 2.903 thanked 2.932
deadline 2.950 fleeing 2.947 original 2.900 stunned 2.926
besides 2.943 ignore 2.945 leftists 2.889 wells 2.923
box 2.931 existence 2.941 ramping 2.882 vermont 2.908
corps 2.927 flight 2.938 reflect 2.881 spin 2.907
claire 2.925 generally 2.936 marijuana 2.881 van 2.906
ayatollah 2918 dying 2.928 pleased 2.879 swamp 2.899
boss 2.913 jose 2.909 registered 2.877 violate 2.895
beijingseoul 2.909 heading 2.897 obviously 2.876 socialism 2.880
adults 2.904 gulf 2.894 par 2.875 setback 2.878
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cameroon . disgraceful patriots . wirethe

crossed 2.892 hole 2.881 music 2.870 steps 2.867
boycott 2.889 inspired 2.878 pervert 2.867 weiner 2.860
angel 2.886 endless 2.873 mus 2.866 schwarzene 2.857
condition 2.884 enterprise 2.873 outspoken 2.848 Sgg : 2.856
convincing 2.877 editors 2.871 rachel 2.843 restaurant 2.855
blames 2.873 ethics 2.860 manhattan 2.826 universe 2.851
bigot 2.865 flights 2.859 pat 2.826 whine 2.850
blatant 2.860 iii 2.853 prote 2.825 warns 2.849
debates 2.859 fiorina 2.852 preliminary 2.813 sally 2.848
alongside 2.858 iranianback 2.852 puts 2.811 sec 2.844
arnold 2.857 i?mcked 2.849 obamaera 2.799 uber 2.840
carly 2.852 developing 2.843 nyc 2.798 toxic 2.838
castro 2.852 importance 2.840 poli 2.791 whistleblow 2.837
declaring 2.850 ht 2.837 looked 2.787 E:timately 2.836
chances 2.846 inner 2.832 oth 2.787 watched 2.828
aviation 2.842 firs 2.831 laura 2.782 software 2.825
antimuslim 2.842 hitler 2.830 none 2.779 reviews 2.824
auto 2.827 emirates 2.827 probing 2.778 returning 2.818
brace 2.826 fringe 2.820 regulations 2.776 wednes 2.816
confused 2.817 investigated 2.819 mulvaney 2.770 stopped 2.812
bristol 2.809 keefe 2.815 lunch 2.760 triggered 2.811
bodies 2.808 illustration 2.809 ob 2.758 republicanle 2.809
bolton 2.808 hedge 2.801 remained 2.755 ghooter 2.803
airline 2.802 deportation 2.794 narrative 2.753 rose 2.802
administra 2.799 fel 2.787 pattern 2.752 vehicles 2.800
dem 2.792 ending 2.778 malta 2.751 waste 2.792
apparent 2.791 kathy 2.775 operatives 2.749 single 2.791
bo 2.791 incompeten 2.775 loans 2.743 vietnam 2.787
assistance 2.789 Ei 2.772 raids 2.742 settled 2.782
daughters 2.778 guests 2.770 mary 2.737 requests 2774
basketball 2.778 fame 2.768 laundering 2.722 sudden 2.765
cancel 2.777 implement 2.766 lobbyist 2.721 seal 2.760
approximat 2.757 drawing 2.759 nightmare 2.720 restraint 2.759
Elc?/mpromise 2.748 habit 2.758 mississippi 2.720 sort 2.758
assistant 2.743 grow 2.756 punish 2.720 tanks 2.757
concert 2.742 eln 2.750 marxist 2.719 spokeswom 2.752

an
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filmmaker . medicine . vacation
contest 2.732 fast 2.750 rarely 2.711 shared 2.744
chain 2.723 farm 2.746 remark 2.710 wonderful 2.743
ambitious 2.722 formal 2.745 opponent 2.709 wednesd 2.739
advisory 2.722 dishonest 2.742 organized 2.707 surfaced 2.737
amnesty 2.718 helicopter 2.736 orban 2.704 supposedly 2.728
curious 2.717 governmen 2.735 locked 2.698 whenever 2.724
bamako 2714 enter 2.735 popularity 2.694 stronger 2.720
anonymous 2.713 exports 2.731 pompeo 2.694 treated 2.719
australian 2.713 kor 2.729 offi 2.689 split 2.712
delayed 2.710 dems 2.726 obamac 2.682 viktor 2.704
bil 2.708 guess 2.723 planet 2.679 roads 2.695
babies 2.706 demonstrate 2.716 logic 2.668 struggling 2.690
combat 2.706 ?eels 2.716 perfectly 2.659 shootings 2.689
adopted 2.698 jet 2.712 nigel 2.654 scalise 2.688
classified 2.697 jo 2.705 releases 2.649 served 2.680
admit 2.694 donor 2.703 reject 2.648 welfare 2.678
del 2.690 eat 2.700 reforms 2.647 taxcut 2.669
accident 2.687 lame 2.696 principle 2.646 respects 2.669
attempted 2.686 denying 2.694 pruitt 2.643 steinmeier 2.665
cambridge 2.668 harder 2.693 nature 2.641 senato 2.663
brandon 2.658 immediate 2.690 match 2.641 theme 2.663
coffers 2.658 increasing 2.688 limits 2.638 sovereignty 2.660
burning 2.658 donated 2.686 pretending 2.633 unlike 2.657
declare 2.657 junta 2.680 precious 2.631 sp 2.657
communitie 2.649 filled 2.679 leaks 2.627 uncontrolla 2.656
zonsequenc 2.648 gates 2.671 reads 2.626 ?c:ﬁch 2.656
giarter 2.643 detail 2.668 mitch 2.624 websites 2.653
delivers 2.643 effect 2.668 mahmoud 2.621 warming 2.652
arrive 2.642 guards 2.668 mouthpiece 2.621 wiretapping 2.648
cool 2.641 humanity 2.667 population 2.617 sho 2.647
beijingdaily 2.641 jonathan 2.663 prepare 2611 ret 2.644
age 2.635 garland 2.663 missed 2.609 republicanb 2.637
acked
consumers 2.625 koch 2.662 outlet 2.608 seth 2.636
contributor 2.624 followers 2.658 medal 2.599 switzerland 2.629
billy 2.623 imprisoned 2.657 popcorn 2.599 snyder 2.621
attending 2.621 grab 2.654 presidenti 2.594 unfit 2.618
affair 2.621 farage 2.654 mohammed 2.590 scientists 2.618
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2.538

2.537
2.528
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2.574

2.570
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2.565
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2.564
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2.557
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2.550
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2.522

2.520
2.520
2.517
2.516
2513
2511
2.509
2.506
2.505

2.498
2.495
2.487

2.475

2474
2474
2.473
2.461

ri

sudan
wedn
snap
shinawatra
staged
ronald
spot
valley
suppo
tuesda
timing
shootout
works
swept
stick
silicon
rigging
veto

secretaryge
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responses
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e
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2.600
2.596
2.594
2.593
2.590
2.586
2.584
2.582
2.577
2.576
2.574
2.571
2.568
2.565
2.561
2.559
2.559
2.558
2.554
2.553

2.553

2.550
2.539
2.534
2.533
2.532
2.525
2.523
2.515
2.513

2512
2512
2.510

2.495

2.494
2.486
2.473
2471
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equipment stephanopo
ulos

anymore 2.496 falsely 2.537 modi 2.458 various 2.468
command 2.495 engage 2.532 particular 2.449 reshuffle 2.468
bible 2.491 instructed 2.532 puppet 2.447 restoring 2.464
brief 2.489 earth 2.530 relief 2.436 rosie 2.454
catalans 2.481 flew 2.528 regular 2435 selfies 2.453
alphabet 2.479 kurdishled 2.524 migh 2.433 shafik 2.446
allegation 2.479 indicted 2.519 opportunitie 2432 sites 2.439
backs 2.475 dividing 2.509 zominating 2.428 struggled 2.438
coleader 2.473 inte 2.508 observatory 2.425 retailers 2417
administrati 2.472 eyebrows 2.507 promoted 2424 traveled 2417
bauchi 2.469 ice 2.502 pm 2423 tragedy 2413
activity 2.467 fundraiser 2.500 mariano 2421 suspicious 2.403
agent 2.466 insider 2.500 opportunity 2411 serbia 2.402
bonds 2.465 evil 2.498 looks 2.407 utah 2.401
alone 2.458 deny 2.497 momentum 2.407 wise 2.400
cards 2.454 favored 2.493 progovernm 2.400 vans 2.398
advocacy 2.448 incorrect 2.492 Fe)r;:)al 2.396 supremacist 2.395
bathrooms 2.443 faux 2.490 preparations 2.396 :tyle 2.376
customs 2442 dire 2.489 practice 2.393 telephone 2.376
custody 2.441 incident 2.486 reconsider 2.384 worldwide 2.374
brotherhood 2.440 heckler 2.484 products 2.380 tend 2.370
commander 2.436 embarrassm 2.482 mont 2.378 spread 2.370
inchief ent

critic 2.429 giuliani 2.482 participated 2.377 sees 2.367
cooperate 2.428 interim 2.463 pundits 2371 secur 2.367
bern 2.420 embarrasse 2.462 magnitude 2.369 sparked 2.366
chanting 2.420 Sxecu 2.459 mika 2.368 stud 2.362
campaigned 2417 gr 2.456 mccabe 2.360 spoken 2.362
columbus 2.416 elec 2.450 patton 2.358 rescue 2.361
cohn 2.416 janet 2441 ralph 2.357 respond 2.360
clip 2.407 freedoms 2.437 removal 2.355 verdict 2.355
alleging 2.403 integration 2.432 property 2.354 tone 2.351
bombing 2.401 frustrated 2.431 partial 2.352 stepping 2.351
birmingham 2.401 dissident 2.415 milo 2.349 socialized 2.348
bold 2.395 fly 2.408 prefer 2.345 toilet 2.344
challenges 2.391 dershowitz 2.404 letters 2.341 resolved 2.342
benefit 2.389 extending 2.396 mohammad 2.340 ripped 2.342
anthem 2.382 fantastic 2.394 raises 2.339 song 2.341
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promotion . whites
aired 2.370 jumped 2.391 lou 2.335 revive 2.339
crushed 2.369 electio 2.391 maybe 2.333 scrap 2.335
catherine 2.368 forthcoming 2.387 northwest 2.332 walmart 2.333
batch 2.367 detailed 2.387 questioning 2.330 swing 2.332
beware 2.367 increased 2.386 lefty 2.330 sports 2.331
bet 2.365 follo 2.357 listening 2.327 successfully 2.322
actual 2.365 firestorm 2.354 minis 2.317 whatever 2.320
conducting 2.362 gross 2.354 pers 2.316 shy 2.317
cozy 2.354 diego 2.351 referring 2.316 wil 2.316
courage 2.349 effective 2.340 legally 2.316 stressed 2.310
admiral 2.344 downright 2.338 nazis 2311 witnessed 2.307
adding 2.344 infighting 2.336 lit 2.311 tougher 2.301
constantly 2.343 du 2.333 omar 2.309 whi 2.298
cameras 2.340 headed 2.332 mudavadi 2.304 stabbed 2.296
conan 2.337 endorsemen 2.327 mocks 2.300 syr 2294
ambush 2.337 ;Sabbard 2.322 nationalists 2.294 semiautono 2.292
coffee 2.333 firmly 2.317 moments 2.293 umn(?:]asteral 2291
advance 2.327 irancontra 2.316 lobby 2.292 terrori 2.286
cashstrappe 2.327 laptop 2.315 paulo 2.284 stuck 2.285
geflect 2.327 introducing 2.311 ministe 2.283 screening 2.285
associates 2.323 hacker 2.310 lobbying 2.282 secu 2.284
alle 2.321 gi 2.309 naval 2.275 Si 2.276
cleric 2.318 falling 2.306 racial 2.272 tiny 2.276
appropriate 2.316 harm 2.303 predecessor 2.268 traveling 2.269
agai 2.310 inappropriat 2.299 nig 2.262 rescind 2.269
cheering 2.305 zntering 2.296 postpone 2.262 southeaster 2.268
barbara 2.301 estimates 2.289 eac 2.262 gtat 2.265
catholics 2.301 kidnapped 2.287 opposing 2.261 tent 2.261
chiefs 2.297 khan 2.286 learning 2.258 sanction 2.255
barron 2.294 grandparent 2.286 literal 2.258 store 2.253
contempt 2.293 2Iecti 2.281 narcissist 2.257 utter 2.252
conclude 2.291 fundamenta 2.281 gaeda 2.255 tel 2.250
buried 2.289 gi);closure 2.276 outraged 2.250 sai 2.248
album 2.288 inability 2.272 networks 2.246 smoke 2.248
communism 2.287 hooper 2271 michele 2.245 teenagers 2.247
ashraf 2.275 dragged 2.268 offices 2.245 spotted 2.245
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gains . registering . unveil
advised 2.274 ele 2.260 regions 2.237 Soil 2.240
candid 2.272 fined 2.259 nsa 2.235 wildlife 2.240
complaint 2.272 junior 2.257 mich 2.233 saturd 2.234
prusselsberl 2.269 highlevel 2.253 murdered 2.233 surely 2.229
::r;/cle 2.267 haram 2.251 painting 2.230 standard 2.222
anarchists 2.266 grasp 2.247 phase 2.230 tears 2221
consulate 2.265 knife 2.243 remembere 2.226 sharpton 2.220
civilian 2.256 kyrgyzstan 2.239 ?nassacre 2.223 republ 2.220
circuit 2.250 explained 2.238 quietly 2222 tru 2217
chat 2.250 electronic 2.229 pri 2.222 uphold 2.217
conyers 2.249 kenyans 2.229 northwester 2.220 stable 2.213
affiliated 2.246 examine 2.229 grd 2.219 stewart 2.209
cdata 2.242 extreme 2.225 napolitano 2.216 secrets 2.203
acceptance 2.241 investigati 2.222 manuel 2.215 wed 2.198
column 2.241 demolished 2.219 ref:ommend 2.215 widespread 2.197
baker 2.237 exposes 2.216 ;te:r(:ir:: 2214 warplanes 2.197
concept 2.236 hosting 2.212 mtv 2.214 reveal 2.196
aiming 2.230 employmen 2211 relatively 2212 tshirt 2.192
conv 2.229 tevening 2.207 regulate 2.208 uc 2.185
challenging 2.225 intervention 2.204 pretend 2.207 satellite 2177
anticorrupti 2.223 driving 2.199 pride 2.204 teenager 2177
ggfence 2.221 integrity 2.197 master 2.204 wealth 2.176
accountabili 2.217 ga 2.197 mexicans 2.202 resistance 2.174
;);ford 2.217 divorce 2.196 nort 2.197 row 2.173
antics 2.217 forum 2.194 picking 2.196 square 2171
assuming 2.217 images 2.193 loyalty 2.194 transform 2171
accounts 2.216 frightening 2.191 narrow 2.193 wher 2.170
careful 2.215 expelled 2.188 rabid 2191 wedne 2.170
ceasefire 2.209 fargo 2.173 remaining 2.188 wee 2.169
carla 2.206 harsh 2.172 rampant 2.184 virus 2.166
crashed 2.205 ignorant 2.168 nationally 2.183 server 2.163
competitive 2.203 idlib 2.166 producer 2.182 VOWS 2.162
commentin 2.203 identify 2.161 prediction 2.181 trends 2.160
gssured 2.196 extremism 2.158 plea 2.181 severity 2.160
bat 2.181 govern 2.155 map 2.179 sunni 2.158
award 2.180 halted 2.154 op 2172 str 2.158
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demonstrati
on
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entry
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quarter
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tech

solid

rosenstein
shinzo

wage

targets
unknown
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strange
urban
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snowflake
ticket
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usually
warriors
surgery
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stuff
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2.158
2.157

2.156
2.153
2.149

2.146
2.144
2.144
2.143
2.135
2.126
2.123
2.122

2.118
2.109

2.107
2.104
2.099
2.088
2.087
2.085
2.079
2.073
2.073
2.071
2.066
2.064
2.060
2.059
2.057

2.051
2.047

2.027
2.026
2.016
1.992
1.974
1.951
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containing freeport mistake walked
blasts 1.874 dis 1.969 posing 1.942 varney 1.904
blasio 1.753 holder 1.957 rancher 1.938 untold 1.876
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