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Abstract

The amount of data being produced every day is growing at a very high rate,
opening the door to new knowledge while also bringing forth cyber breach opportuni-
ties for malicious users. In this thesis, the objective is to analyze public data to gain
valuable insight for cybersecurity applications. Using public Twitter account data,
a machine learning model is trained to identify bot accounts which helps lower the
amount of fake news and malicious users. A survey of text summarization techniques
to identify the best method for summarizing public data in the domain of cyberse-
curity is presented. A web application is also created to serve as a public tool for
users to summarize input text of their choosing using a variety of algorithms. The
contribution of this thesis is thus twofold: a model capable of identifying Twitter bots
with high accuracy, and a web application for summarizing cybersecurity information

from public data.
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Chapter 1

Introduction

With an ever-increasing amount of data being produced, the difficulty of digesting
data has risen significantly. There are a plethora of social media applications creating
incredible amounts of data as well as informational websites, blogs, online shopping
sites, cloud services, and more. Managing all of these data sources can be equated to
trying to stay upright in front of a fire hose.

In one day 500 million tweets are sent, 294 billion emails are sent, 4 petabytes
of data are created on Facebook, and five billion internet searches are made. It is
estimated that 463 exabytes of data will be created each day globally by 2025 [1]. In
2018, the authors of 2] stated, “Over 2.5 quintillion bytes of data are created every
single day, and it’s only going to grow from there”. This is equivalent to 2.5 exabytes,
so one can see just how quickly the world’s data production is rapidly increasing.

With such an abundance of data, it is no wonder that data analysis has gained
significant attention in recent years. Data analysis can be thought of as building a
story from data. Typically, the more data available to study, the better story it can
tell. Attempting to digest and sift through all this data is rigorous, but can explain

many situations or trends that we may have been previously blind to. Since there



are now more ways to collect data and store said data easily, the data can be used to
help make better decisions.

With this increase in data being produced, the number of malicious users and
programs has also drastically increased. The authors of [3] state “During 2018, we have
seen a 350% increase in ransomware attacks, a 250% increase in spoofing or business
email compromise (BEC) attacks and a 70% increase in spear-phishing attacks in
companies overall. Further, the average cost of a cyber-data breach has risen from
$4.9 million in 2017 to $7.5 million in 2018, according to the U.S. Securities and
Exchange Commission.” Now, cybersecurity [4], the practice of defending computers,
servers, mobile devices, electronic systems, networks, and data from malicious attacks
is more important than ever.

The wide availability of data makes it easy for adversaries to gain access to sensi-
tive information or perform other malicious behaviors, while at the same time mak-
ing it more difficult for defenders to digest information and create robust defenses
for cyber-threats. The amount of publicly available data is continuing to grow and
without automated methods to help digest that information, there is no way that
cybersecurity can keep up with the threats brought along with this new age of data.

People working in the field of cybersecurity are overwhelmed with the amount of
data that they must sift through in order to identify malicious activity. The intention
is to make this a more proactive process by automating bot detection and digesting
cybersecurity related information for review. Automating these methods will free up
time for cybersecurity professionals to address more important problems and to more
quickly identify malicious activity.

Using publicly available data, in the form of tweets, blogs, and news articles one
can identify malicious activity using machine learning, as well as distill information

concisely for review by cybersecurity professionals. Applying artificial intelligence or



more specifically, machine learning, to these cybersecurity issues allows for a seamless

integration into the every day life of a cybersecurity analyst in this era of big data.
The goal of this thesis is to demonstrate that public data from different sources

can be used to build cybersecurity applications that aid in the defense against cyber

threats:
e Train a text summarizing tool to help digest cybersecurity articles
e Use social media data to identify bot accounts or fake users

The remainder of this thesis is organized as follows: chapter 2 surveys background
works in text summarization and bot detection. Chapter 3 describes a machine
learning model trained on public twitter data that can identify a fake user with 90%
accuracy. Chapter 4 describes a web application proof of concept that summarizes
user text with the summarization algorithm of the user’s preference, and finally,
chapter 5 concludes the thesis, further emphasizing the benefit of analyzing public

data.



Chapter 2

Background

This thesis builds on work in fake user detection and text summarization. This
chapter details the relevant related work in both of these areas. It also provides some
background on supervised and unsupervised learning as well as the random forest

machine learning algorithm.

2.1 Fake User Detection in Social Media

There has been a significant amount of work in the past decade in fake user detection.
This section discusses some of the recent research done on cybersecurity applications

that detect fake social media accounts.

2.1.1 SybilRank

SybilRank is an effective and efficient fake account inference scheme, which allows
OSNs to rank accounts according to their perceived likelihood of being fake (sybil) [5].

It leverages the power of graph representation of social network accounts and therefore



scales very well. SybilRank is an inference scheme customized for OSNs whose social
relationships are bidirectional such as Twitter. The underlying principle built upon is
that sybils have a disproportionately small number of connections to non-Sybil users.
The authors of [5| found that 90% of the accounts that SybilRank flagged justified

suspicion.

2.1.2 FRAppE

FRAppE, or Facebook’s Rigorous Application Evaluator, is a cybersecurity tool fo-
cused on detecting malicious apps on Facebook using MyPageKeeper’s dataset [6].
A feature set is developed by asking questions about the application such as, “Any
posts in app profile page?”, “Is client ID different from app ID?”, and “Number of
permissions required”. The feature set is then input into a support vector machine
(SVM) and binary classification training takes place. When training with a 1:1 ra-
tio between malicious and benign users, FRAppe has a 98.5% accuracy with 5-fold

cross-validation.

2.1.3 Framework for Detecting Clusters of Fake Accounts

The authors of |7] describe a framework for detecting fake accounts that were all
created by the same malicious user. Supervised machine learning methods such as
support vector machine and logistic regression are used to classify an entire cluster of
accounts as malicious or legitimate. Clusters are created by grouping on registration
date and registration IP address. A large contribution of this research is the feature
engineering. The authors use simple statistics to get basic cluster features, pattern
recognition to get see if certain users in a cluster share commonalities, and frequency

features that show how rare a certain name or description on the account is. The



model has been turned into a commercial product and has now identified more than

250,000 fake accounts since deployment.

2.1.4 Profile Characteristics with an Activity-based Pattern

Detection Approach

The authors of [8] present a strategy to identify fake profiles. Using a pattern matching
algorithm on screen names and an analysis of tweet update times, a highly reliable
subset of fake user accounts can be identified. The analysis of profile creation times
and URLs of these fake accounts reveals distinct behavior of the fake users relative
to a ground truth data set. The combination of this scheme with established social
graph analysis opens the door for time-efficient detection of fake profiles in social

media sites.

2.2 Text Summarization

Text summarization has a long history in the field of natural language processing.
This sectiion discusses the two main types of summarization, as well as some modern

approaches to the problem.

2.2.1 Extractive vs Abstractive Summarization

Before the success of sequence-to-sequence models 9], most work done in the field of
summarization was strictly extractive where certain phrases or words would be ex-
tracted to make a summary. While this technique works well in some cases [10}/11], it
does not allow for generalization or paraphrasing. Once sequence-to-sequence models

began to demonstrate promising results, abstractive summarization with RNNs (Re-



current Neural Networks) became the new frontier for machine summarization [12}/13].
Abstractive summarization is where the summary is a sequence of generated words
and not an exact phrase from the text. Although abstractive summarization was
deemed viable by Natural Language Processing (NLP) researchers, they still had
problems such as working with out-of-vocabulary (OOV) words and repeating words
or phrases in the generated summary. In order to combat those problems, [14] found
success in applying an attention mechanism with coverage to fix the repeating prob-
lem and a pointer-generator network to fix the OOV issues. Even with the emergence
of attention and coverage, extractive methods are still popular because of their sim-

plicity when compared to abstractive methods that often have deep neural networks.

2.2.2 Text Summarization using the TF-IDF Algorithm

TF-IDF stands for "Term Frequency - Inverse Document Frequency". It is a measure
of how important a word is to a document [15]. It is important to note that the term
“document” can be used to mean many different things in natural language processing

but in this section, document will be synonymous with sentence.

Algorithm Overview

The general algorithm for using TF-IDF to score sentences and summarize an article
begins with reading in the sentences of the article and tokenizing them. From there
a frequency matrix is created for the words in each sentence. Using the frequency
matrix the Term-Frequency (TF) is computed and stored. Then a table is built to
keep track of how many documents a word has been found in for all words. Using
said table, an Inverse Document Frequency (IDF) score is computed. For each word,
we can multiply TF and IDF to get the TF-IDF score. Each sentence is then scored

by summing the TF-IDF and dividing by the number of words in the sentence. To



generate the summary, all sentences with a score above a decided upon threshold are

extracted as the article summary.

Term Frequency

TF is the number of times the term appears in the document divided by the total
number of words in the doc.

TF(t,d) = %

Where ¢ is the specific term, d is the specific document, n,; 4 is the number of times

term ¢ appears in a document d, and 7T is the total number of terms in the document.

Inverse Document Frequency

The IDF for a specific term is the natural log of the total documents over the number

of documents with that specific term in it.

N
IDF(t) =1In—
dy
Where N is the total number of documents and d; is the number of documents with

term ¢ in it.

2.2.3 Text Summarization with TextRank Algorithm

TextRank is an unsupervised machine learning text summarization algorithm that
scores sentences in an article similar to that of the PageRank algorithm [16]. The
PageRank [17] algorithm is a method for rating Web pages objectively and mechan-

ically, effectively measuring the human interest and attention devoted to them. To



understand the full details of the TextRank algorithm, prior knowledge of word em-

beddings is essential.

Word Embeddings

In many natural language processing tasks, it is essential to be able to process words in
a continuous space as opposed to a discrete one. To do this, words are embedded into a
vector space using one of many existing training algorithms. These word embeddings
are a vector of real numbers and similar words, words semantically related, are similar
vectors. Word2vec 18] and Global Vectors (GloVe) |19] are two state-of-the-art word

embedding tools.

Algorithm Overview

The general algorithm for applying TextRank to an article starts with preprocessing
the input data and splitting the text into individual sentences. Using word embed-
dings, we create vectors for the words in each sentence. Then, we take the mean of
those vectors to arrive at a consolidated vector for the sentence. The next step is to
find similarities between the sentences, so we use the cosine similarity approach to
achieve this. Any similarity metric can be used but for the purpose of this research,
cosine similarity works best. Once the similarity matrix is calculated with all sen-
tences the matrix is then turned into a graph with sentences as vertices and similarity
scores as edges. This graph then allows for Google’s PageRank algorithm to run and
return the ranking of the sentences in the article. The generated summary is the top
k sentences where k is an arbitrary integer equal to the number of sentences desired

in the generated extractive summary.
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2.2.4 Pointer-Generator Networks

Pointer-Generator Networks [14] use LSTM [20] cells with attention and coverage vec-
tors to produce high-quality summaries. The pointer-generator is a hybrid approach
to summarization with both abstractive and extractive methods. In order to fully
understand the pointer-generator model as well as many of the other state-of-the-art
abstractive summarizatiion models, one must understand LSTM cells, attention, and

coverage.

LSTM

Long short-term Memory (LSTM) networks are a variation of Recurrent Neural Net-
works where the network can learn long term dependencies by knowing the cell state
of the cell at the previous time-steps. The idea behind RNNs is that they can use
information from the previous time-step to compute a value for the current time-
step. This advantage quickly disappears as the gap between the current time-step
and the dependant time-step with relevant information grows. This is where LSTMs
come in, they are able to handle a greater distance between dependencies hence their
name, long short-term memory networks. Information can be added and taken away
from the cell state at each time-step and this way the cell has information about the
previous time-steps as well as the new input for that time-step. For example, when
trying to find a word to complete the phrase: “I went to Mexico so I had to learn how
to speak ., the dependency for the new word is nine time-steps away from the
time-step we are currently on. LSTMs can handle this task because they can go back

and see the word “Mexico” in its memory and output the missing word as “Spanish”.
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Attention

One of the biggest advances in abstractive summarization was the concept of atten-
tion. Attention is a mechanism relating to different positions of a single sequence in
order to compute a representation of the sequence. Attention mechanisms have be-
come a necessary component of neural summarization and translation systems because
of the benefit of modeling dependencies regardless of distance in the sequence [21].
Between attention and LSTMs, the quality of machine translation and summarization
system outputs has increased greatly. Although there is definite growth, there are
still some problems with this such as repeatedly attending to the same position in the
source sequence. Essentially, the attention distribution is not changing enough after
a certain phrase or word is already translated or summarized. We can combat this

problem by using a coverage vector with our attention mechanism.

Coverage

Neural Machine translation (NMT) and summarization face a serious problem, lack
of coverage. This idea of coverage in machine translation is where a decoder main-
tains a coverage vector to indicate whether a source word is translated or not. This
is important for ensuring that each source word is translated into decoding. The
decoding process is completed when all source words are “covered” or translated [22].
In abstractive summarization, we can use coverage and attention together in order
to make sure we are attending to parts of the source text that have not been covered

already in the partially produced output summary.

Algorithm Overview

The pointer generator model holds a coverage vector which is the sum of attention

distributions over all previous steps. The coverage vector helps the model not repeat
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itself when generating a summary. The model produces a probability, P, which
dictates whether the model should use an abstractive approach or an extractive ap-
proach for the next word or phrase in the summary. When the pointer lands on
OOV words, an extractive approach is used and therefore OOV words can be in the

generated summary.

2.2.5 Named Entity Extractive Text Summarization Algorithm

Named Entity Recognition (NER) is the process of finding important people, compa-
nies, and numerical information in text |23|. Text summarization using NER to score
a sentence is a simple yet efficient way to build an extractive summary. The algorithm
counts the number of named entities in each sentence and divides said count by the

number of non-stop words in the sentence.

2.2.6 Entropy Based Summarization

The original idea for this type of extractive summarization comes from [24] where
the authors propose a sentence scoring system based on the entropy of the non-stop
words making up the sentence. Entropy values are based on collocation pairs (w;, w;)
where w; is a word in the sentence and w; is one of the following words. Entropy
values are created for each word (w;) by looking at the uncertainty of w; when given
w;. The sentences’ “score” was the sum of the forwards and backward entropy of all
non-stop words in a sentence, divided by the total number of non-stop words in the
said sentence. The highest scoring K sentences are then selected as the extractive

summary.
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2.2.7 Text Summarization Dataset

The CNN/DailyMail is a non-anonymized text summarization dataset containing
articles from both CNN and DailyMail. Each article has two features: Text, which
contains the plain text article to be used as either training or testing material, and
Highlight, which contains highlights about the article that can be used as a reference
summary. In this experiment, only the CNN stories are used as that gave roughly

92,500 articles to work with.

2.3 Machine Learning with Random Forest Model

In order to develop a base understanding of the main concepts used in the next
chapter, a brief overview of supervised and unsupervised learning and the Random

Forest machine learning algorithm is described in this section.

2.3.1 Supervised Learning vs Unsupervised Learning

Supervised learning is a subset of machine learning where the user feeds the model
training data which contains labels. The model learns to classify or predict the labels
based on the training data that is associated with it. Once training is complete,
the model uses its prior knowledge of the training data to predict labels on new
data or test data. Unsupervised learning makes decisions based on the relationship
between the data instance at hand and the rest of the dataset. The unsupervised
learning algorithm does not have any prior information about the correct class the

data instance should belong to.



14

2.3.2 Random Forest

A Random Forest is a meta estimator that fits a number of Decision Tree classifiers
on various sub-samples of the dataset and uses averaging to improve the predictive
accuracy and control over-fitting [25]. The Random Forest algorithm is a supervised
ensemble learning algorithm, meaning the algorithm is actually made up of many
other basic machine learning algorithms. To predict a class, each basic machine algo-
rithm votes for a class and after all of the basic algorithms have voted, the class with
the most votes is the class the ensemble algorithm predicts. With Random Forests,
the underlying algorithm used is the Decision Tree classifier, hence the “Forest" in
Random Forest. The Random Forest algorithm brings randomness into the model
when it is growing the Decision Trees. Instead of searching for the best attribute
while splitting a node, or decision in the tree, it searches for the best attribute among
a random subset of attributes. This process creates diversity among trees and allows
for each tree to be built upon different attributes, which generally results in a better

model [26].
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Chapter 3

Random Forest Twitter Bot Classifier

Social media usage is growing faster than ever in today’s world, according to PEW
Research Center, 73% of U.S. adults use YouTube, 68% use Facebook and 35% use
Instagram. Shortly behind these social media “staples", Twitter has quickly risen
to the point at which one in every four U.S. adults uses its platform |27]. Twitter
launched in 2006 and has not stopped growing since it went public. On average,
around 6,000 tweets are posted every second of the day, adding up to roughly 360,000
tweets per minute [28].

A growing issue with Twitter is the amount of fake or “bot" accounts either shar-
ing malicious content or being used to enhance the metaphorical reach of genuine
accounts. These Twitter bots are easily programmed due to the Twitter API (Appli-
cation Programming Interface) and can be created within seconds. This means that
just about anybody can create bots to form the illusion of popularity around hot
topics or political figures. To make matters worse, Twitter does not use a “captcha"
when users are creating an account, therefore it is very simple to have an automated
service pump out tons of bots that are then run through the open Twitter APT [29]. A

captcha is a program used to verify that a human, rather than a computer, is entering
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data on an online form [30].

Twitter bots have the ability to alter trending topics by the sheer volume of
tweets they can produce. They can make false stories appear to have more views
by promoting or tweeting about a certain topic along with the associated hashtag.
These bots also spell disaster for corporations and their social media presence. One
person with a massive army of bot accounts could have the bots all tweet negative
sentiment about a company’s product or service and tag the company in the tweet.
Now anyone searching this product, service or company will be fed false information

due to the shear volume of tweets sent out by the attacking bots.

MySQL Databases

Import Datasets from
SQL dump file to MySQL
Workbench

Figure 3.1: Workflow of creating the Random Forest model 3.0

Now more than ever we need a way to get rid of existing bots to protect people
from being fed false information. In this chapter, we present a simple yet effective
classifier model that has the ability to detect existing Twitter bot accounts using only
data that is easily attainable through the Twitter API as well as attributes that are
ratios of the previously mentioned data. This chapter details my contribution to bot

detection using public data as follows:

e A generalized machine learning model that can detect existing Twitter bot ac-

counts with 90.25% accuracy

o A feature set that includes both basic and derivative attributes that can be



17

automatically extracted from any public Twitter account

We start by obtaining data and importing it into two MySQL databases. Then,
the data is preprocessed the data by querying the MySQL databases and begin the
feature selection and feature creation processes. The preprocessing python program
outputs CSV (Comma-Separated Values) files which hold the input data and labels
that are to be fed into the machine learning model. Lastly, we feed the CSVs into the
python program that trains and tests a Random Forest classifier. This workflow can
be seen in Figure [3.1]

The remainder of this chapter is organized as follows: Section dives into the
process and methodology of building and training the classifier, Section covers the
results and the testing of the previously mentioned classifier and reviews and conclude

the chapter.

3.1 Methodology

3.1.1 Data Collection

To train a Twitter bot classifier, we first need access to Twitter account data for both
genuine accounts and bot accounts. Additionally, we also need access to as many
tweets per account as possible. This task proves to be tricky as there are limitations
to the free Twitter API [31]. Furthermore, there is no way to label an account as
genuine or bot if just querying the API for data. Two datasets from the MIB (My
Information Bubble) project [32}33] hosted at IIT in Italy are used for our research
purposes.

The first dataset was gathered in 2015 and contains verified human accounts as

well as known bot accounts used to falsely inflate the number of followers for a genuine
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account. The second dataset was gathered in 2017 with new known bot accounts and
verified genuine accounts.

The two datasets contain basic account information such as, but not limited to:
number of followers, number of tweets, when the account was created and if the
account was genuine or a bot. Along with the account information there are also
hundreds, sometimes thousands, of tweets that belong to each account.

For the present research purposes we use a subset of each dataset as the data is
somewhat repetitive. Dataset V1 contains 445 real accounts and 3202 bot accounts
from the original 2017 dataset and V2 which contains 1946 real accounts and 3457 bot
accounts from the original 2015 dataset. These datasets V1 and V2 are then imported
into a MySQL [34] database to make the preprocessing stage smoother. The data is
imported into two databases, V1 and V2 where each database has two tables, namely
Users and Tweets. The primary key shared between these two tables is the user id

which is a unique identifier given to every Twitter account.

3.1.2 Preprocessing

We select basic account attributes from the database table Users that could have an
impact on the account being genuine or fake. These attributes are length of descrip-
tion (bio), age of account, number of followers, number of tweets, number of people
the account is following (friends), number of likes and the follower to friend ratio.
These attributes are chosen because they explain the account usage at a fundamental
level. The basic feature subset can be seen in Table 3.1l

After the basic attributes are chosen, we create derived attributes by computing
ratios. These derived attributes allow us to gain more insight on the activity of the
account. These are derived features because they are not directly available through

the Twitter API.
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Table 3.1: Basic Feature Set

Length of Bio
Followers
Age of account
Following
Number of tweets
Number of likes
Follower ratio

Likes age ratio

First we create the likes to age ratio, where we divide the number of likes the account
has given by the number of days since the account’s creation. This feature shows how

actively the account likes another account’s tweet.

Tweet age ratio

The tweets to age ratio is created by dividing the number of tweets by the days since
the account has been created. This attribute shows how often the account tweets.
Now, we analyze the account’s tweets by performing an inner join on the user id

between the User table and Tweets table.

Hashtag tweet ratio

The hashtag to tweet ratio is computed by counting all tweets in the sample that
contain at least one hashtag and dividing it by the total number of tweets in our
given sample. The total number of tweets in the sample is given by using the SQL
aggregate COUNT() to count the number of tweets associated with a given user id.
This new ratio attribute gives insight on how often the account uses hashtags in their

tweets.
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URL/Pics tweet ratio

The url to tweet ratio is computed similarly. we use COUNT() to tally up all the
tweets in the sample that contain urls and divide that integer by the total number of
tweets in the sample for that particular user id. Interestingly enough, when accounts
post pictures on twitter the pictures are represented as urls, therefore this url to tweet
attribute accounts for links to websites as well as pictures. This ratio shows how often

the account posts urls or pictures when they tweet.

Reply tweet ratio

The reply to tweet ratio is computed the same way using the COUNT() aggregate,
and it shows the approximate percentage of tweets posted that are replys to other
accounts. This percentage is only based on the sample of tweets that are available,
but provides valuable insight on the account’s overall tendencies. The derived feature
subset can be seen in Table [3.2]

Table 3.2: Derived Feature Set

Hashtag tweet ratio
URL/Pics_tweet ratio
Reply tweet ratio
Tweet age ratio
Likes age ratio

The full proposed feature set can be seen in Table [3.3] along with a description of
each attribute.

Once all of these attributes are queried from the SQL database or created by the
above methods, we create a CSV file that serves as input for our machine learning
classifier. One CSV is created for genuine accounts and another is created for known

bot accounts since the information is held in separate databases.
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Table 3.3: Proposed Feature Set

Length of Bio Number of characters in bio
Hashtag tweet ratio | Ratio of tweets with hashtags to total tweets
Followers Number of accounts following
URL/Pics _tweet ratio | Ratio of tweets with URL’s to total tweets

Age of account Number of days since account creation
Reply tweet ratio Ratio of replies to total tweets
Following Number of accounts the account is following
Number of tweets Number of tweets on the account
Tweet age ratio Ratio of tweets to days since creation
Likes age ratio Ratio of likes to days since creation
Number of likes Number of likes on the account
Follower _ratio Ratio of followers to following

3.1.3 Random Forest Implementation

To implement the Random Forest classifier, we use python3.5 as well as the libraries
Scikit-Learn, pandas, and numpy [35-37|. First, we read the CSV’s for the genuine
accounts and the bot accounts into pandas dataframes. Then, using numpy, we add
the label column to each dataframe, namely “Fake Or Real". The genuine accounts

b

get a ‘0’ in this column while the bot accounts receive a ‘1’. Next, we combine the
two dataframes into one that is then split it into the input attributes, X, and the
output labels, y. Before training the model, we must create a train set and test set.

Since we have two completely separate datasets as discussed in [3.1.1] we create
three different models each using the data differently. Model 1.0 uses V1 for both the
training and testing. The data is randomly split with 75% going to training while
the remaining 25% is kept for testing. Model 2.0 combines both V1 and V2 and then
does the same 75%-25% split for training and testing. Model 3.0 uses the entire V1
dataset for training and then tests on the entire V2.

We use the Scikit-learn RandomForestClassifier class and specify the forest to be

made up of 20 Decision Trees [35]. 20 Decision Trees is decided upon after tests of

10, 20, and 50 trees. The accuracy increase from 10 to 20 was significant while the
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accuracy increase from 20 to 50 was very minimal, thus leaving 20 as the optimal
amount. We also specify that we want the trees to make decisions based on entropy
by making the nodes, or decisions, yield more binary splits. The more binary the
split, the higher the entropy. To train the models, we feed the twelve attributes X,
discussed in Section [3.1.2] as well as the output label y, into the model as training

input and associated output.

3.2 Results

3.2.1 Experiment Environment

The training and testing of the models presented in this chapter were trained and
tested on a machine with the specifications from Table

Table 3.4: Machine Specifications

Processor: Intel Core 17-7700 CPU @ 3.60GHz x 8
RAM: 16 GiB
OS: Ubuntu 16.04 LTS
Environment: python3.5 in Spyder3

3.2.2 Model Results

Model 1.0 is tested with 25% of V1 and averaged 99% accuracy over the course of 10
runs. Model 2.0 is tested with 25% of V2 and averaged 98% accuracy over the course
of 10 runs. Because of the high accuracy, we look to the decision trees produced in
the random forest to see if there is any potential over-fitting in these two models. The
decision trees give a visualization of each decision node and the size of the tree. The
larger the tree, the more fit to the training data the model is. The goal is to have

trees that can accurately classify instances with as few decision nodes as possible.



23

The tree needs to be smaller, or generalized, in order to be useful in a real world
situation. The larger, less-generalized trees may perform well on the training data
but poorly on real world data because it is too tightly fit to the training data.

As seen in Figure B.2] the tree from model 1.0 is smaller and cleaner than the
tree from model 2.0, seen in Figure [3.4, The tree from model 1.0 has less decision
nodes and the splits are more binary, which means higher entropy. Since model 1.0
is more suitable for generalized usage we use its foundation to create model 3.0,
previously discussed in section [3.1.3] Model 3.0 is trained and tested on completely
different datasets therefore giving a more clear picture of how this model would work
if deployed onto Twitter right away. Over the course of 10 runs the model produced
an average accuracy of 90.25%. Figure shows a Decision Tree from model 3.0; note
the similarity between the tree from model 1.0 and model 3.0. Both models are more
general than model 2.0. The purpose of figures and, are to display the
overall generalizability of each model. It should also be noted that the tree numbers
were chosen arbitrarily and that any other tree could have been chosen to display the
generalizability of each model. Models 1.0 and 3.0 are generalized compared to the
overfit tree from model 2.0. This similarity between models 1.0 and 3.0 makes sense
because they are trained on the same dataset. Model 1.0 is trained on a subset of
V1 and tested on a different subset of V1 while model 3.0 is trained on all of V1 and
tested on V2. Model 3.0 shows better real world feasibility than model 1.0 because it
achieved the 90.25% accuracy on data from a different dataset. Model 1.0 was tested
on a subset of data from the same dataset as its training data, therefore its accuracy
cannot be transferred to a real world situation.

To evaluate accuracy and generalization of the models, a ratio of average decision
nodes per tree to test accuracy is computed. Since model 3.0 is essentially a more

feasible version of model 1.0, a comparison of this ratio between model 2.0 and model
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3.0 is shown in Figure Model 2.0 has, on average, 156 decision nodes per tree
with an accuracy of 98%. Model 3.0 averages 43 decision nodes per tree and achieves
an accuracy of 90.25%. This gives model 2.0 a ratio of .628 and model 3.0 a ratio
of 2.09. These ratios show that although model 2.0 has a higher accuracy, it is not
nearly as generalized as model 3.0. Model 2.0 may have a higher accuracy by 7.25%

but the average amount of nodes per tree is more than triple of the average nodes

per tree in model 3.0.

FOLLOWING <= 0.5
entropy = 0.9183
samples = 2
value = [1, 2]
class = Fake

|

Figure 3.2: Model 1.0 Tree 15
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LIKES_AGE_RATIO <= 0039
entropy = 0.9183
samples = 2.
value = [1, 2]
class = Fake

=

Figure 3.3: Model 3.0 Tree 0

3.2.3 Feature Results

Since our contribution in this section is not only the model, but also the features
used to build it, we now look at feature importance to show our new features make a
positive difference in classifier accuracy. All test runs to show feature importance are
done with model 3.0 as it is the best, most generalized model of the three discussed
in section [3.2.2] Table shows the feature importance for each attribute averaged
over the same ten runs that model 3.0 achieved the 90.25% accuracy. Note the feature
importance was calculated by the Scikit-learn feature importance built-in method.

To show that our derived features make a positive difference in regards to accuracy,
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Figure 3.4: Model 2.0 Tree 19
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Figure 3.5: Accuracy to Generalization Ratio Test

we run versions of model 3.0 with different attributes to see the differences in accuracy
as we change the attributes the model is trained upon.

First, we take the seven basic features, denoted in Table by not having a *,
and build model 3.0 on just those attributes. Over a period of 10 runs the accuracy
of the Random Forest model was 81.7%. Therefore, by adding our derived ratio

attributes to the model we increase its accuracy by just under 10%. From here,
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Table 3.5: Feature Importance of Proposed Feature Set (where * indicates a derived
feature)

Length of Bio .004
*Hashtag tweet ratio | .0054
Followers .0145
*URL/Pics_tweet ratio | .0174
Age of account .0189
*Reply tweet ratio .0304
Following .0511
Number of likes 1105
*Tweet age ratio 1345
*Likes age ratio 1654
Number of likes 1834
Follower ratio .2647

we look at the top two most important features from Table [3.5 and build a model
on just those two features. When running the model on just Number of likes and
Follower ratio, the model achieved 98% accuracy on the test set. Although this
accuracy was higher than the proposed model of all twelve attributes, it is not fit
to be deployed as it lacks generalizability and could potentially be overfit; however,
we can use this model as a baseline and see if a model using only our derived ratio
attributes performs better. Over ten runs, the model trained on our five derived ratio
attributes produced an accuracy of 99.6%. This test shows that these ratio attributes
provide valuable insight on whether an account is genuine or fake. Using the derived
features in conjunction with basic account features yields a generalized model that
can classify Twitter accounts at an accuracy of 90.25%. The feature set test results
can be seen in Figure [3.60 One should note that accuracy above 95% shows that
the feature set provided valuable insight, but the model might not be generalized
enough. Therefore, some tests show high accuracy, but have low feasibility for real
world application which is why the proposed model has an accuracy of 90.25%, but

is generalized.
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Figure 3.6: Feature Set Tests

The unstoppable growth of social media in today’s world also brings forth the
problems of false information spreading, malicious content spreading and fake follow-
ers for popularity. These problems often involve the use of bot accounts or automated
accounts. In this chapter we have propose a machine learning classifier along with a
set of features that can accurately detect these automated accounts and label them
as bots. To train and test this classifier we use datasets from different years that were
gathered by the IIT (Institute of Informatics and Telematics) in Ttaly. We selected
basic features that could be accessed from the Twitter API then created five ratio
features that granted additional insight on how the account was generally operated.
We then tested different models that used subsets of our proposed attributes in order
to demonstrate that our derived ratio features played a significant role in creating a
model that was general enough to be deployed onto Twitter, but could also maintain
a 90% accuracy on new data.

The next chapter details the other main contribution in this thesis, a text sum-

marization web application.
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Chapter 4

Summarization Web Application

The text summarization web app follows the microservice architecture with 4 main
services: javascript’s React.js running on the frontend, an API server built with
python’s Flask, and Firebase for user authentication and NoSQL cloud data store.
This microservice architecture structures an application as a collection of services
that are highly maintainable, testable, loosely coupled, and independently deploy-
able. This means if one service goes down, the others are not dragged down with it.
There are many other software development architectures between microservice and
monolithic, but for the purpose of this research the modularity of microservices works
best.

The overall architecture can be seen in figure 4.1 The React frontend can call
out to all 3 other services via REST APIs to either get or send data. The Flask API
server can pull data from the user authentication service and the data store. The
main task of the API server is to summarize input data and return the summary
generated by the specified algorithm.

The remainder of this chapter is organized as follows: section details the

frontend which is built using javascript framework React.js, section discusses the
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API server and the individual text summarization APIs, section shows how user
authentication and data storing is handled within the app, and section [.4] presents

how to use the text summarization feature.

User Auth Flask APl Server Data Store

b

React.js

Figure 4.1: Web app architecture

4.1 React.js Frontend

In this section, React is discussed in more detail and the architecture for the frontend

of the web application is presented.

4.1.1 React.js Background

React.js (React) is a javascript library for building user interfaces [39]. It was officially
released on May 29, 2013, by Facebook and has since become the most popular
frontend javascript framework. React is a declarative, component-based framework
that is known for easy data flow and efficient rendering. It achieves this efficient render
time by making a virtual copy of the DOM tree and when a component changes in
React, React changes the virtual DOM tree. Then, React only re-renders the elements

in the DOM that differ from the virtual DOM. This way only the necessary DOM
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elements are re-rendered resulting in the need to render fewer elements.

4.1.2 Frontend Component Architecture

The React app component architecture consists of the following page components:
home page, sign in page, and demo page. Each of these pages is made up of many
smaller components that contain both javascript and Html in the form of what React
calls “JSX”. The home page component contains links to the sign-in page and the
demo page in the navbar as well as links to find information on the text summarization
algorithms available for demo. The home page can be seen in figure [£.2] The demo
page component consists of a large input text box, a dropdown menu to select an
algorithm, a summarize form submission button, and an output bordered div where
the generated summary appears. The demo page can be seen in figure [1.3] The sign-
in page contains two children components, one for signing in and another for creating
an account. Section discusses the logic behind both of these children components.

James Thesis  Text Summarization Demo signin

Distilling Public Data from Multiple Sources for Cybersecurity
Applications

James Schnebly's Master's Thesis at University of Nevada, Reno

mmmmmm

TF-IDF Entropy TextRank

PageRank but for summarizing g text

o

eeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeee

Figure 4.2: Screenshot of the home page component
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James Thesis  Text Summarization Demo Sign In

Text Summarization Demo

Input Text

Output Summary

Figure 4.3: Screenshot of the demo page component
4.2 Flask API Server

In this section, the API server that is in charge of summarizing the user’s input is

detailed in full after discussing Flask’s background.

4.2.1 Flask Background

Flask is a lightweight WSGI web application framework. It is designed to make getting
started quick and easy, with the ability to scale up to complex applications [40|. Flask
is very powerful and can take many forms but in this application, it serves as the
framework for the API server. There is a single file where each API route is defined

as well as how it may be accessed, either a GET request or a POST request.

4.2.2 TF-IDF API Implementation

The TF-IDF API is under the route “/TF-IDF/” and can be accessed by selecting
the TF-IDF algorithm from the dropdown on the demo page. When the summarize
button is clicked, React fires off an API request to “/TF-IDF/” with the input text.

The API takes the input text, summarizes it using the TF-IDF algorithm, and returns
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the generated summary. The following subsections detail the implementation of the

TF-IDF API on my API server.

Tokenize the sentences

To get the data into sentences from the raw text, sent_tokenize from nltk.tokenize
is used. To find the total number of documents, the python3 function len is called

on the array of sentences returned by sent_tokenize.

Create the Frequency matrix per sentence

For each sentence, an empty dict object is created and then word\_tokenize is used
to get a list of word tokens. For each word in the list, we run the string lower method
and use the PorterStemmer from nltk to get the stem. If the word is a stop word,
go to the next word in the list, else, either add it to the dict object as a key with a
value of 1 or if the key already exists we simply increment the value by 1.

After doing this for each word in a sentence, we assign the dict object as a value
with a key of the first 15 characters of the sentence. As one can see in figure the
key is the first 15 characters of the sentence and the value is a dict with a specific

word as a key and the frequency within the sentence as the value.

Calculate Term-Frequency Matrix

For this, we use the frequency value from the matrix made in the last step and and
count the number of words in the sentence with the len function. As one can see in

figure [4.5] each word now has a TF value.
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‘ Key ~ | Type ‘ Size |
1) First Americ i :1, ')':1, ‘first':2, ‘'american':3, ‘corpor':2, ':':1

7 2) Facebook: ~5 i i1, :1, 'facebook':2, ':':1, '~540,000,000':1, 'thi':1, 'news': ...
7 4) Flipboard: ~ :1, ')':1, ‘flipboard':3, ':':1, '~150,000,000':1, 'content':1l, 'a ...
7 A more expensiv ':1, 'option':1, 'secur':1l, 'catalogu':1, 'data':1, 'rather':1 ...
7 A rolling code :1, 'code':1, 'app':1l, 'text':1l, 'messag':1, 'form':1, 'mobil': ...
7 According to th i {'accord':1, 'thi':1, ‘'varoni':1, 'report':1, ',':1, '57':1, ‘'percent' ...
7 Another Faceboo i {'anoth':1, 'facebook':1, 'app':1, 'backup':1, 'titl':1, 'pool':1, 'al ...

r ...

Are you sure yo i {'sure':1, 'pay':1, 'enough':1, ‘'attent':1, 'potenti':1, 'cyber':1,

As Facebook fac i {'facebook':1, 'face':1, 'scrutini':1, 'data':1, 'stewardship':1l, 'pra ...
But Check Point i 8 'point':1, 'research':1, 'found':1, 'vulner':1
But if you read i 8 'thi':1, 'data':2, 'breach':1, 'list':1, 'think':1, ',':1, ...

Check Point Res i 'point':1, 'research':1, 'didnt':1, 'need':1, 'creat':1, ' ...

Figure 4.4: Frequency matrix

Creating a table for documents per words

Next, we run through each value in each frequency dict and create or increment the
entry for that word for every document it is found in. This new dict is called the

count doc_per words. This can be seen in figure [4.6

Calculate IDF matrix

Using the formula from section 2.0.2, the variable calculated earlier holding the total
number of documents, and the count doc per words table, the IDF matrix is cre-
ated. The IDF matrix looks similar to the TF matrix, but the values per word are

the IDF values.

Calculate TF-IDF matrix

Using both the TF matrix and the IDF matrix, we multiply the entries in the respec-

tive matrices to get the TF-IDF score for each word.
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| Key ~ | Type | Size | Value
1) First Americ {'1':0.041666666666666664, ')':0.041666666666666664, 'first':0.0833333 ...

- 2) Facebook: ~5 0.06666666666666667, 10.06666666666666667, 'facebo .133333 ...
- 4) Flipboard: ~ {'4':0.03333333333333333, ')':0.03333333333333333, 'flipboard':0.1, ': ...
- A more expensiv {'expens':0.07692307692307693, 'option':0.07692307692307693, 'secur':0 ...
- A rolling code {'roll':0.07142857142857142, 'code':0.07142857142857142, ‘'app':0.07142 ...

According to th {'accord':0.07692307692307693, 'thi':0.07692307692307693, 'varoni':0.0 ...

Another Faceboo {'anoth':0.038461538461538464, 'facebook':0.038461538461538464, 'app': ...

Are you sure yo {'sure':0.125, 'pay':0.125, 'enough':0.125, 'attent':0.125, 'potenti': ...
As Facebook fac {'facebook':0.07142857142857142, 'face':0.07142857142857142, 'scrutini ...

But Check Point i {'check':0.03333333333333333, 'point':0.03333333333333333, 'research': ...

Figure 4.5: TF matrix

Score the sentences

Here, to score the sentence as a whole, we add up the TF-IDF of each word and
then divide it by the number of words in that sentence. This gives each sentence a
TF-IDF score that can be used to rank the pseudo importance of the sentence. The

dict object with these scores can be seen in figure

Find the threshold

After experimentation, 1.3 multiplied by the average sentence score was found to be

the best threshold.

Generate the summary

Filter out the sentences that have a score lower than the threshold and return the
sentences with a score higher than the threshold. This extractive summary based on

the TF-IDF algorithm is what is returned from the API.
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Key ~ | Type |Size|

biggest

billion

breach

Figure 4.6: Count Doc per Word Dict

4.2.3 TextRank API Implementation

The TextRank API is under the route “/text-rank/” and can be accessed by selecting
the TextRank algorithm from the dropdown on the demo page. When the summarize
button is clicked, React fires off an API request to “/text-rank/” with the input
text. The API takes the input text, summarizes it using the TextRank, and returns
the generated summary. The following subsections detail the implementation of this

algorithm on my API server.

Preprocess

For preprocessing, punctuation and stop words are removed from the sentences after
being passed through a toLower () function. Since the later computations will be done

with word embeddings, no more preprocessing is necessary.
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Figure 4.7: Scored Sentences

Get Word Embeddings

The GloVe word embeddings contain 100 dimensional vector representations of 6
billion words. Using the GloVe word embeddings, each word is substituted with the
respective vector of length 100. Each word vector in the sentence is used to build an

average vector that represents the sentence.

Build Similarity Matrix

With the cosine similarity function from sklearn we generate a similarity matrix
by comparing each sentence’s vector to every other sentence’s vector. An example

similarity matrix can be seen in figure [1.8

Apply PageRank and Present the Summary

Here the aforementioned similarity matrix is turned into a graph, using networkx, with

the nodes representing the sentences and the edges representing the similarity scores
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0 1 2 3 4
0 0.887126 0.868125 0.809307 0.776472 . . . . 0.832189 0.838159 0.817588

0.887126 o 0.890388 0.752648 0.82345 . 0.867051 0.8643 0.842294
0.868125 0.890388 o 0.765326 0.85621 . 0.871741 0.869413 0.824269 0.94
0.809307 0.752648 0.765326 ] 0.594215 722 .
0.776472 0.82345 0.85621 0.594215 ]

0.853546 0.891831 0.889052 0.728939 0.816804

0.894866 0.924938 0.895306 0.786478 0.787789
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Figure 4.8: Similarity matrix

between sentences. This makes it easy to apply the PageRank algorithm as networkx
has a pageRank() method that can be run on a graph object. Once PageRank has
returned the sentence rankings, the top k sentences are returned as the PageRank

extractive summary.

4.2.4 Entropy API Implementation

The entropy API is under the route “/entropy/” and can be accessed by selecting
the entropy algorithm from the dropdown on the demo page. When the summarize
button is clicked, React fires off an API request to “/entropy/” with the input text.
The API takes the input text, summarizes it using the pretrained entropy dictionary,
and returns the generated summary. The entropy dictionary is trained prior to the
launch of the API server and therefore the trained entropy dictionary stays on the
server for summarization use. The training data consists of all of the sentences in the
CNN half of the CNN/DailyMail text summarization dataset. The highlight feature

was disregarded as it was technically not part of the news article. The following
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subsections detail the training of the entropy dictionary and the “/entropy/” route on
my API server.

We begin building this model in a similar manner as the previous models by
preprocessing the input data. For each sentence in each article of the “training data”,
stop words and punctuation are removed leaving each sentence as a list of sequential
non-stop words. We refer to this as the cleaned training sentences. To build the
vocabulary from the cleaned training sentences, every word becomes a vocabulary
word and is added to the vocab list. That is, all non-stop words found in the training
data make up the vocabulary. A count of how many times each vocabulary word is
found is also created as these values are needed at a later point in time to calculate
probabilities.

Next, the window size is decided upon and the count lookup table is created. The
window size for this experiment is of size 4. The count lookup table tracks collocated
word pairs and increments the count when w; and w, are found within the window.
Once the count lookup table is created, the forward’s entropy is calculated for every
word in the vocabulary. The vocabulary and the entropy calculations serve as the
trained model as the summarizer only depends on the entropy of the vocabulary words
to score sentences.

The equation for forwards entropy of a vocabulary word is:

J=IVJ

Ep(v)) =~ Y p(v)p(v;|v:) [p(v;)p(vsv;)] (4.1)
=1
where p(v;) is the probability of a certain vocabulary word v;, |V;| is the number
of unique words that are collocated with v;, and p(v;|v;) is the probability of v; being

collocated with v;. The formal definition of p(v;|v;) is:
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C(’UZ‘, Uj)
Zijlvﬂ O(Ui> Uj)

where C(v;,v;) is the count in the count lookup table where v; is the first word

plujlvi) = (4.2)

in the collocated pair, and v; is the other. Once all words in the vocabulary have an
entropy, the entropy dictionary is saved with the pickle module in order to load the
trained model into memory without having to retrain every time a new summary is
needed.

To generate a summary of a test article, the input sentences are cleaned of stop
words and punctuation in order to yield a sequence of non-stop words. From there,
every word token is looked up in the entropy model and the individual word entropy
is summed over all of the word tokens in the sentence. The summed entropy is then
divided by the number of non-stop words in the sentence resulting in the sentence
score. Therefore, the equation for the sentence score is:

SCOT@(ti) = Zk:l |t|F(wk)

(4.3)

where ¢; is the sentence being scored, |¢;| is the total number of non-stop words in
the sentence, and Er(wy) is the entropy value for word token number £ in sentence

t.

4.2.5 Named Entity API Implementation

The Named Entity API is under the route “/named-entity /” and can be accessed by
selecting the NER (Named Entity Recognition) algorithm from the dropdown on the
demo page. When the summarize button is clicked, React fires off an API request
to “/named-entity /” with the input text. The API takes the input text, summarizes

it using the NER, and returns the generated summary. The implementation of this
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algorithm on my API server is simple.

First, preprocessing is done to read in and clean the sentences of punctuation.
Then, using Spacy’s nlp() function, we are able to get the named entities from each
sentence. The number of named entities in the sentence is divided by the number
of non-stop words in the sentenced to return the sentence score. The top k scoring
sentence is chosen where k is equal to 20% of the input text sentence length. This

list of length k sentences is returned to the frontend as the summary.

4.3 Firebase User Authentication and Data Store

This section goes over how the web app handles user authentication and data storing.

4.3.1 Firebase Background

Firebase cite is a comprehensive app development platform that brings the power of
a backend server to your application. Firebase has tools for user authentication, data
storing, machine learning, growth analytics, hosing, and more. Firebase is simple to
set up and allows for more time to be spent on working on the tools of the application

and not boilerplate coding a database integration or token management.

4.3.2 Implementation

Using Firebase, user authentication is done elegantly with their react API. Firebase
gives a JSON object containing the app authentication variables as well as various
configuration variables. Using the Firebase javascript library, we now have access
to functions like signInWithEmailAndPassword() and signInWithGoogle(). These

functions handle all authentication, encryption, and user management behind the
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scenes. The functions return a user object with values such as displayName and
token. These values can now be used in the frontend of the web app if needed.
The data store is also very elegant as Firebase has a NoSQL database service called
Firestore. Importing Firestore from the Firebase library allows one to perform the

CRUD operations on JSON objects in the database.

4.4 Text Summarization Demo Usage

In order to use the demo page, a user must be signed in. To sign in or sign up, the
user must navigate to the sign in page by either clicking the link in the top right
corner of the page or directly by accessing the /signin/ route. Once on this page, the
user can sign into a previously made account or create a new account. After signing
in, the user can access the text summarization tool by clicking the link that says “Text
Summarization Demo” at the top of the page in the navigation bar.

On the demo page, the user may paste in or type the text they wish to be summa-
rized, select an algorithm from the drooppdown box, and click the summarize button.
Once the text is summarized, the generated summary is displayed under the “Output

Summary” header text.
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Chapter 5

Conclusion and Future Work

In recent years the amount of data produced has skyrocketed with social media burst-
ing into the scene as well as other services beginning to collect data such as phone
manufacturers or app developers. With this abundance of data being collected by
nearly every company, there are bound to be valuable insights to be gained by ana-
lyzing the data. Examining this data can be difficult depending on how much data
there is and how fast it is being produced but sometimes a small subset of this data
is enough to create a useful tool or gain valuable information hidden in the data.

As more important data is transferred and stored online, more opportunities for
cyber breaches and malicious software arise. Cybersecurity-based applications can be
built to help fight cyber threats and we can use public data to build the models on
which those applications revolve around. Creating cybersecurity tools with machine
learning allows for autonomous defense which opens up time for other more involving
cybersecurity tasks.

We survey text summarization algorithms to observe their ability to work with
public data. First we describe TF-IDF summarization. Then, we look into TextRank

with cosine similarity. Bridging the gap between extractive and abstractive summa-
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rization is the Pointer-Generator network. Switching back to extractive techniques,
we detail simple named entity scoring system that can sometimes outperform other
more complex techniques. Lastly, an entropy-based sentence scoring system was then
discussed.

Using a small portion of public twitter data to train on, we developed a machine
learning model that classified fake Twitter accounts with a 90% accuracy. In addition
to the model, we also created new derived ratio features in which 2 of them proved
to have significant feature importance. This allows cybersecurity professionals to
detect malicious Twitter accounts autonomously and therefore, they can direct their
attention to other pressing cybersecurity issues.

To allow the others to learn about different text summarization techniques, we
built a web application using React.js and Flask that allows a user to enter in text,
select their desired summarization algorithm, and view the result. This web applica-
tion allows anyone to quickly and efficiently summarize cybersecurity articles in order
to effectively digest the article.

In the future, we would like to add more algorithms to the API server so there
are more options for clients to demo. In addition, we would like to add pretrained
neural network summarizers to this application but in my time scope, it is not pos-
sible. In the future we would like to train the entropy algorithm on the entire CNN
part of the CNN /DailyMail dataset which contains upwards up of 90,000 news ar-
ticles. This would increase the vocabulary of the entropy summarizer and therefore
hopefully increase the quality of the entropy summarization algorithm on the demo
page of the web app. In terms of the twitter bot summarizer, we would like to test
other algorithms and see how the F1 scores compare instead of just using accuracy.
Additionally, combining this random forest model with other machine learning clas-

sification models could prove to be a higher quality model. Another path to explore
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with the twitter bot detection model is adding an additional model to review the text
from account tweets.

The goal of this thesis is to show how public data can be distilled in such a way
that we can learn a new insight or create a valuable tool in the realm of cybersecurity.
This goal was achieved by training the Twitter bot classifier and building the text

summarization web application.
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