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Preface

Machine learning is transforming the way we understand and interact with the world
around us. This book is the perfect guide for you to put your knowledge and skills into
practice and use the Python ecosystem to cover the key domains in machine learning. This
second edition covers a range of libraries from the Python ecosystem, including
TensorFlow and Keras, to help you implement real-world machine learning projects.

The book begins by giving you an overview of machine learning with Python. With the
help of complex datasets and optimized techniques, you'll learn how to apply advanced
concepts and popular machine learning algorithms to real-world projects. Next, you'll cover
projects in domains such as predictive analytics to analyze the stock market, and
recommendation systems for GitHub repositories. In addition to this, you'll also work on
projects from the NLP domain to create a custom news feed using frameworks such as
scikit-learn, TensorFlow, and Keras. Following this, you'll learn how to build an advanced
chatbot, and scale things up using PySpark. In the concluding chapters, you can look
forward to exciting insights into deep learning and even create an application using
computer vision and neural networks.

By the end of this book, you'll be able to analyze data seamlessly and make a powerful
impact through your projects.

Who this book is for

This book is for machine learning practitioners, data scientists, and deep learning
enthusiasts who want to take their machine learning skills to the next level by building real-
world projects. This intermediate-level guide will help you to implement libraries from the
Python ecosystem to build a variety of projects addressing various machine learning
domains.



Preface

What this book covers

Chapter 1, The Python Machine Learning Ecosystem, discusses the features of key libraries
and explains how to prepare your environment to best utilize them.

Chapter 2, Build an App to Find Underpriced Apartments, explains how to create a machine
learning application that will make finding the right apartment a little bit easier.

Chapter 3, Build an App to Find Cheap Airfares, covers how to build an application that
continually monitors fare pricing, checking for anomalous prices that will generate an alert
we can quickly act on.

Chapter 4, Forecast the IPO Market Using Logistic Regression, takes a closer look at the IPO
market. We'll see how we can use machine learning to help us decide which IPOs are worth
a closer look and which ones we may want to take a pass on.

Chapter 5, Create a Custom Newsfeed, explains how to build a system that understands your
taste in news, and will send you a personally tailored newsletter each day.

Chapter 6, Predict whether Your Content Will Go Viral, tries to unravel some of the mysteries.
We'll examine some of the most commonly shared content and attempt to find the common
elements that differentiate it from content people were less willing to share.

Chapter 7, Use Machine Learning to Forecast the Stock Market, discusses how to build and test
a trading strategy. We'll spend more time, however, on how not to do it.

Chapter 8, Classifying Images with Convolutional Neural Networks, details the process of
creating a computer vision application using deep learning.

Chapter 9, Building a Chatbot, explains how to construct a chatbot from scratch. Along
the way, we'll learn more about the history of the field and its future prospects.

Chapter 10, Build a Recommendation Engine, explores the different varieties of
recommendation systems. We'll see how they're implemented commercially and how they
work. Finally, we'll implement our own to recommendation engine for finding GitHub
repositories.

Chapter 11, What's Next?, summarizes what has been covered so far in this book and what
the next steps are from this point on. You will learn how to apply the skills you have gained
to other projects, real-life challenges in building and deploying machine learning models,
and other common technologies that data scientists frequently use.

[2]



Preface

To get the most out of this book

Knowledge of Python programming and machine learning concepts will be helpful.

Download the example code files

You can download the example code files for this book from your account at
www .packt . com. If you purchased this book elsewhere, you can visit
www . packt . com/support and register to have the files emailed directly to you.

You can download the code files by following these steps:

Log in or register at www.packt . com.
Select the SUPPORT tab.
Click on Code Downloads & Errata.

Enter the name of the book in the Search box and follow the onscreen
instructions.

L

Once the file is downloaded, please make sure that you unzip or extract the folder using the
latest version of:

e WinRAR/7-Zip for Windows
e Zipeg/iZip/UnRarX for Mac
e 7-Zip/PeaZip for Linux

The code bundle for the book is also hosted on GitHub at https://github.com/
PacktPublishing/Python-Machine-Learning-Blueprints-Second-Edition. In case there's
an update to the code, it will be updated on the existing GitHub repository.

We also have other code bundles from our rich catalog of books and videos available
at https://github.com/PacktPublishing/. Check them out!

Download the color images

We also provide a PDF file that has color images of the screenshots/diagrams used in this
book. You can download it here: http://www.packtpub.com/sites/default/files/
downloads/9781788994170_ColorImages.pdf.

[3]
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Preface

Conventions used

There are a number of text conventions used throughout this book.

CodeInText: Indicates code words in text, database table names, folder names, filenames,
file extensions, path names, dummy URLs, user input, and Twitter handles. Here is an
example: "Let's take a look at a sample interaction, using requests to pull down data from
GitHub's API. Here, we will make a call to the API and request a list of starred repositories
for a user."

Any command-line input or output is written as follows:
import requests
r = requests.get (r"https://api.github.com/users/acombs/starred")
r.json()

Bold: Indicates a new term, an important word, or words that you see onscreen. For
example, words in menus or dialog boxes appear in the text like this. Here is an example:
"For Chrome, go to the Google app store and look for the Extensions section."

Warnings or important notes appear like this.

Tips and tricks appear like this.

Get in touch

Feedback from our readers is always welcome.

General feedback: If you have questions about any aspect of this book, mention the book
title in the subject of your message and email us at customercare@packtpub.com.

Errata: Although we have taken every care to ensure the accuracy of our content, mistakes
do happen. If you have found a mistake in this book, we would be grateful if you would
report this to us. Please visit www.packt .com/submit-errata, selecting your book, clicking
on the Errata Submission Form link, and entering the details.

[4]


http://www.packt.com/submit-errata

Preface

Piracy: If you come across any illegal copies of our works in any form on the Internet, we
would be grateful if you would provide us with the location address or website name.
Please contact us at copyright@packt .com with a link to the material.

If you are interested in becoming an author: If there is a topic that you have expertise in
and you are interested in either writing or contributing to a book, please visit
authors.packtpub.com.

Reviews

Please leave a review. Once you have read and used this book, why not leave a review on
the site that you purchased it from? Potential readers can then see and use your unbiased
opinion to make purchase decisions, we at Packt can understand what you think about our
products, and our authors can see your feedback on their book. Thank you!

For more information about Packt, please visit packt .com.

[5]
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The Python Machine Learning
Ecosystem

Machine learning is rapidly changing our world. As the centerpiece of artificial intelligence,
it is difficult to go a day without reading how it will lead us into either a techno-utopia
along the lines of the Singularity, or into some sort of global Blade Runner-esque nightmare
scenario. While pundits may enjoy discussing these hyperbolic futures, the more mundane
reality is that machine learning is rapidly becoming a fixture of our daily lives. Through
subtle but progressive improvements in how we interact with computers and the world
around us, machine learning is progressively making our lives better.

If you shop at online retailers such as Amazon.com, use streaming music or movie services
such as Spotify or Netflix, or have even just done a Google search, you have encountered an
application that utilizes machine learning. These services collect vast amounts of
data—much of it from their users—that is used to build models that improve the user
experience.

It's an ideal time to dive into developing machine learning applications, and, as you will
discover, Python is an ideal choice with which to develop them. Python has a deep and
active developer community, many with roots in the scientific community. This heritage
has provided Python with an unparalleled array of libraries for scientific computing. In this
book, we will discuss and use a number of the libraries included in this Python Scientific
Stack.

In the chapters that follow, we'll learn how to build a wide variety of machine learning
applications step by step. Before we begin in earnest though, we'll spend the remainder of
this chapter discussing the features of these key libraries and how to prepare your
environment to best utilize them.



The Python Machine Learning Ecosystem Chapter 1

These are the topics that will be covered in this chapter:

¢ The data science/machine learning workflow
e Libraries for each stage of the workflow
e Setting up your environment

Data science/machine learning workflow

Building machine learning applications, while similar in many respects to the standard
engineering paradigm, differs in one crucial aspect: the need to work with data as a raw
material. The success of your project will, in large part, depend on the quality of the data
you acquire, as well as your handling of that data. And because working with data falls
into the domain of data science, it is helpful to understand the data science workflow:

A

o L

ol

]

s

Data science workflow
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The process involves these six steps in the following order:

Acquisition
Inspection
Preparation
Modeling
Evaluation

A o

Deployment

Frequently, there is a need to circle back to prior steps, such as when inspecting and
preparing the data, or when evaluating and modeling, but the process at a high level can be
as described in the preceding list.

Let's now discuss each step in detail.

Acquisition

Data for machine learning applications can come from any number of sources; it may be
emailed to you as a CSV file, it may come from pulling down server logs, or it may require
building a custom web scraper. Data is also likely to exist in any number of formats. In
most cases, you will be dealing with text-based data, but, as we'll see, machine learning
applications may just as easily be built that utilize images or even video files. Regardless of
the format, once you have secured the data, it is crucial that you understand what's in the
data, as well as what isn't.

Inspection

Once you have acquired your data, the next step is to inspect it. The primary goal at this
stage is to sanity check the data, and the best way to accomplish this is to look for things
that are either impossible or highly unlikely. As an example, if the data has a unique
identifier, check to see that there is indeed only one; if the data is price-based, check that it
is always positive; and whatever the data type, check the most extreme cases. Do they make
sense? A good practice is to run some simple statistical tests on the data, and visualize it.
The outcome of your models is only as good as the data you put in, so it is crucial to get this
step right.

[8]



The Python Machine Learning Ecosystem Chapter 1

Preparation

When you are confident you have your data in order, next you will need to prepare it by
placing it in a format that is amenable to modeling. This stage encompasses a number of
processes, such as filtering, aggregating, imputing, and transforming. The type of actions
you need to take will be highly dependent on the type of data you're working with, as well
as the libraries and algorithms you will be utilizing. For example, if you are working with
natural language-based texts, the transformations required will be very different from those
required for time-series data. We'll see a number of examples of these types of
transformations throughout the book.

Modeling

Once the data preparation is complete, the next phase is modeling. Here, you will be
selecting an appropriate algorithm and using the data to train your model. There are a
number of best practices to adhere to during this stage, and we will discuss them in detail,
but the basic steps involve splitting your data into training, testing, and validation sets.
This splitting up of the data may seem illogical—especially when more data typically yields
better models—but as we'll see, doing this allows us to get better feedback on how the
model will perform in the real world, and prevents us from the cardinal sin of modeling:
overfitting. We will talk more about this in later chapters.

Evaluation

So, now you've got a shiny new model, but exactly how good is that model? This is the
question that the evaluation phase seeks to answer. There are a number of ways to measure
the performance of a model, and again it is largely dependent on the type of data you are
working with and the type of model used, but on the whole, we are seeking to answer the
question of how close the model's predictions are to the actual value. There is an array of
confusing sounding terms, such as root mean-square error, or Euclidean distance, or F1
score. But in the end, they are all just a measure of distance between the actual prediction
and the estimated prediction.

[9]
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Deployment

Once you are comfortable with the performance of your model, you'll want to deploy it.
This can take a number of forms depending on the use case, but common scenarios include
utilization as a feature within another larger application, a bespoke web application, or
even just a simple cron job.

Python libraries and functions for each
stage of the data science workflow

Now that you have an understanding of each step in the data science workflow, we'll take a
look at a selection of useful Python libraries and functions within those libraries for each

step.

Acquisition
Since one of the more common ways to access data is through a RESTful API, one library

that you'll want to be aware of is the Python Requests
library, http://www.python-requests.org/en/latest/. Dubbed HTTP for humans, it makes

interacting with APIs a clean and simple experience.

Let's take a look at a sample interaction, using requests to pull down data from GitHub's
API. Here, we will make a call to the API and request a list of starred repositories for a user:

import requests r =
requests.get (r"https://api.github.com/users/acombs/starred") r.json()

[10]
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This will return a JSON of all the repositories the user has starred, along with attributes
about each. Here is a snippet of the output for the preceding call:

(L] irpar-t requests
(3] P o= coguiEta. gl rheoes: Afapil gl hels, cosfusersfaosebe fararrad®)

I= [Bl5 rejuonlld

ret 3]

[€a'archive_url®r u'hoigsAfapl.glihved, consrepos/ kesnathreit 2 /regeests/archive_formani/ret}”,
a'mssigaees_prl®; u'bbtpsisfapl.plthub, confreposfkennethre itz request s fass lgnees{ fuser} ',
s'bBlobs_url': s"hitpe:d fapl-github.(on/repos/kanrethreibed requasts/gitrelobed fshal ',
a'broncies _url . u'RWtopst/ el githel. com/ repos//kennethreite/ resues te/oranchesd shranca k',

@' clome_url's s hripscdigivheh, confiennesnreits requesis.git',

s'enlilasoratars_url @ w'hi8asssfapil.github. con/reges/kenmethreile frequea by o ol Laboraters{foal labnratar} ',
a' CORBESTS_Lrl": u'heTgdt/sasd, glotel. CoN/ repos /kennethredtefresuests/ congentsd /nusbert'

a'commits_url'r u'httgsissepd. githeb, condreposskemethredit s/ requests/comnt t54/shal ' .

g oompare url®: u'hifgs; frepi.gliheds, confregos/ eenethrelt e egmmatufooegare] (bannl. . (head)®,

' conmeata el u'hutps: Sreel, glokal. com) repos M oeAnethre T/ resues T/ COATEnt 6/ {opanh)y’ |
g'contributors_url's s"htips:dfapl.github.ton/reposskennethreites request s/ contributers'

g'cromted_at": u'ZR11-R2-13TIH; M09S0,

Output snippet when we return a JSON of all the repositories

The requests library has an amazing number of features—far too many to cover here, but
I do suggest you check out the documentation.

Inspection

Because inspecting your data is such a critical step in the development of machine learning
applications, we'll now take an in-depth look at several libraries that will serve you well in
this task.

The Jupyter Notebook

There are a number of libraries that will make the data inspection process easier. The first is
Jupyter Notebook with IPython (http://ipython.org/). This is a fully-fledged, interactive
computing environment, and it is ideal for data exploration. Unlike most development
environments, Jupyter Notebook is a web-based frontend (to the IPython kernel) that is
divided into individual code blocks or cells. Cells can be run individually or all at once,
depending on the need. This allows the developer to run a scenario, see the output, then
step back through the code, make adjustments, and see the resulting changes—all without
leaving the notebook. Here is a sample interaction in the Jupyter Notebook:

[11]
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Sample interaction in the Jupyter Notebook

You will notice that we have done a number of things here and have interacted with not
only the IPython backend, but the terminal shell as well. Here, I have imported the Python
os library and made a call to find the current working directory (cell #2), which you can see
is the output below my input code cell. I then changed directories using the os library in
cell #3, but stopped utilizing the os library and began using Linux-based commands in cell
#4. This is done by adding the ! prepend to the cell. In cell #6, you can see that I was even
able to save the shell output to a Python variable (file_two). This is a great feature that
makes file operations a simple task.

Note that the results would obviously differ slightly on your machine,
since this displays information on the user under which it runs.

Now, let's take a look at some simple data operations using the notebook. This will also be
our first introduction to another indispensable library, pandas.
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Pandas

Pandas is a remarkable tool for data analysis that aims to be the most powerful and flexible
open source data analysis/manipulation tool available in any language. And, as you will
soon see, if it doesn't already live up to this claim, it can't be too far off. Let's now take a
look:

= JUpYLer Pandas DerTe Las Checkpont an tous sgo feosased Shanges I. Liaas
F— . " . r

B #+# 2 BB 4 & Wln B & 8 “ i

=1

njlje kmpoot pardes &8 pel
fmpaay sklsarsl
from pNlOArh Lepses dalasiin

iris_dato = datmembs; loed iriasj)

In [2]|=z iris date.keys

dict _kmysf] dsta’; 'target’, "target smmes’, 'DEARMR', 'featurs ommas" ||
Lh 18 ETi8_dNUA[ "LAETFD AR |
arrayl| 'eAboas”, ‘waraleclart, ‘virglales' ], dbppes'odTLET
Bl | 3]s &f dakg = pd.CaraPragiloin Sabp] 'Jata” |, columrd=irie_ deta)l " Fastits_pdses' |
In j4]z &E targme = pd, Da=iFreew|iris detaf Tterget |, colosas=| spmocan ]|
In 1 =f = pd.cmort| [¢f- Sata, 2f tarpe®]; =mdis=l]
T ju &

sapl bngm fom) sl wickh o el langi fomi el wisth ol pecke
. ERl as 14 oz o
1 AB a0 4 oz o

Importing the iris dataset

You can see from the preceding screenshot that I have imported a classic machine learning
dataset, the iris dataset (also available at https://archive.ics.uci.edu/ml/datasets/
Iris), using scikit-learn, a library we'll examine in detail later. I then passed the data into a
pandas DataFrame, making sure to assign the column headers. One DataFrame contains
flower measurement data, and the other DataFrame contains a number that represents the
iris species. This is coded 0, 1, and 2 for setosa, versicolor, and virginica
respectively. I then concatenated the two DataFrames.

[13]
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For working with datasets that will fit on a single machine, pandas is the ultimate tool; you
can think of it a bit like Excel on steroids. And, like the popular spreadsheet program, the
basic units of operation are columns and rows of data that form tables. In the terminology
of pandas, columns of data are series and the table is a DataFrame.

Using the same iris DataFrame we loaded previously, let's now take a look at a few
common operations, including the following;:

Im [%]: df.head])

Out]®]:

sepad length (om)  sepal width [omj  petal length ([om)  petal wadth (om)  species

Qa 51 a5 1.4 oz o
1 4.9 30 1.4 oz H
2 47 32 1.3 o2 o
a 4.5 a1 15 a8} K
4 =1} a8 1.4 02 o

In [10]:  df]"espal length (cm)

b L B O
1 LN S ola o LW
UL I TR B T
C o = B T O

The first action was just to use the .head () command to get the first five rows. The second
command was to select a single column from the DataFrame by referencing it by its column
name. Another way we perform this data slicing is to use the .iloc[row, column] or
.loc[row, column] notation. The former slices data using a numeric index for the
columns and rows (positional indexing), while the latter uses a numeric index for the rows,
but allows for using named columns (label-based indexing).
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Let's select the first two columns and the first four rows using the . iloc notation. We'll
then look at the . 1oc notation:

n [1%]: df.haad|)

sepal kangth [cm)  sepal width fem|  patal length fom) - petal width (em)  specios

a &1 3.8 14 0z 0
1 1.9 3.0 14 oz 0
2 4.7 42 13 0z 0
| 4.6 R 1.5 oz 0
# 50 18 14 oz 0

Im [1d)1 df.ilea[sd, 12

Outfl4]s
sepal length [om)  sepal width jom)

a 51 1.5
1 4.8 1.4
2 4.7 ag

Using the . iloc notation and the Python list slicing syntax, we were able to select a slice of
this DataFrame.
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Now, let's try something more advanced. We'll use a list iterator to select just the width
feature columns:

I [2%): df.head|)

et 231

sepal length [om)  sapal width jom]  petal length (cm)  petal width fom]  species

o B.1 3.5 1.4 0.2 a

1 44 4.0 1.4 aa a

2 4.7 4.4 1.3 0. a

d LA a.1 1.5 .2 a

4 54 d:6 t4 (1K) a
In [234])r df.loctld,; [x for x in df.columns if 'width' im x]j

Det]dd | s

sopal widith [cm)  potal width fom)

i 15 na
1 o na
z 3.2 oz
F 3.1 n b}

What we have done here is create a list that is a subset of all columns. df . columns returns
a list of all columns, and our iteration uses a conditional statement to select only those with
width in the title. Obviously, in this situation, we could have just as easily typed out the
columns we wanted into a list, but this gives you a sense of the power available when
dealing with much larger datasets.
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We've seen how to select slices based on their position within the DataFrame, but let's now
look at another method to select data. This time, we will select a subset of the data based
upon satisfying conditions that we specify:

1. Let's now see the unique list of species available, and select just one of those:

In [29): 4df| "spedcies’ ] ..onigoal |

Qut[29): array((0, 1, 2]])

In [30): AE[df[ species' |==1]

Out] dje

sapal length [om)  sepal width (cm)  patal langth [cm]  patal width jom]  Species

100 B3 a4 0.0 2.4 2
101 ¥ ] a7 L | 14 <
a2 r1 a4 a4 | &
103 E3 23 5.6 1.8 2
104 B35 30 5B 22 2
145 7.8 30 8.6 21 d
108 4.9 P 4.5 1.7 2
107 7.3 248 6.3 1.8 2
108 BT 24 5.6 1.8 2

2. In the far-right column, you will notice that our DataFrame only contains data for
the Iris-virginica species (represented by the 2) now. In fact, the size of the
DataFrame is now 50 rows, down from the original 150 rows:
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In [31]: df.count|]

Jut]31]: sepal length (em) 156
sapal width {cm) 150
petal length (om) 150
petal width {cm} 150
spacias 150

dtype: intead

In [32]1 dE[df[ species'|==2].count]]

QutfiZ2]: sepal length {cm) 5a

sepal width {cm} 50
petal length (cm) 54Q
petal width {cm) 50
species 540

dtype: 1ntéd

3. You can also see that the index on the left retains the original row numbers. If we
wanted to save just this data, we could save it as a new DataFrame, and reset the
index as shown in the following diagram:

-

in

In [33): wirginica = Af[df[ ' 'eBpacles’ |==2],reset index|drop=Trie ]
[34): virginiea
Ef34

sepal langth [om]  sepal width fem}  petal langth fem]  patal widih [om)  spacies
a B3 a3 Gl 25 i
1 24 a7 24 1.8 2
2 by a0 &4 21 2
3 B3 29 58 1.8 2
L] i ] Ao 5A >z 2
5 Th 3.0 B 21 ¥
g 419 2.3 4.5 A 2
T ra 28 | LE- 2
a BT 25 58 18 2
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4. We have selected data by placing a condition on one column; let's now add more
conditions. We'll go back to our original DataFrame and add two conditions:

In [36]: dAEf(df[ epecled’ |==2)&(dl[ petal width (cm)] " ]1=Z.3)]
out[36]4
vowed lonath (orel - wepel v fowd - it lonarti el okl wickh foml - syecles
100 B3 13 &.0 2.5 g
108 72 a8 8.1 25 2
114 fu B - | a7 .4 4
115 =] 3.2 Tk 23 2
118 T.7 2.8 a.g 24 2
120 6.3 3z 57 23 2
135 T.7 .0 8.1 23 2
136 6.3 14 5B 2.4 2

The DataFrame now only includes data from the virginica species with a petal
width greater than 2. 2.

Let's now move on to using pandas to get some quick descriptive statistics from our iris
dataset:

In [A7]: df.describay)
oat[ 377
sepal length fem) - sepal width [om)  petal length jcm)  petal width icm) BpBCieg
count 150000000 150, D000 150000000 150.0000030  150.000000
mmean ¥ Lk ] 3,000 3. TREGET T TSEEET 1. LEHNK]
ald 0326066 0433554 1. TE4E20 LLra3 161 0619232
min 4 300000 2.000000 1000000 0100000 0000000
5% 5100000 2. BO00 1600000 D300000  0.000000
6% 50000 300000 4. 260000 1300000 1.000000
Ta% 6200000 3, 300000 5.100000 1800000 2000000
max T.900000 4. 400000 6. 20000 2500000  2.000000
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With a call to the . describe () function, I have received a breakdown of the descriptive
statistics for each of the relevant columns. (Notice that species was automatically removed
as it is not relevant for this.) I could also pass in my own percentiles if I wanted more
granular information:

In [38]: df.describe|persentiless=|.10,.20,.30,.40,.50,.60,.70,.680,.90])
tatfIE]:
sepal longth [cm]  sepal width jom)  petal length [om)  petal width [om]  species
Coiiri 150.000000 150.000000 150000000 1500000000 150.000000
AN 3843333 3054000 J.75866T 1188657 1. 000000
aid (838065 (433584 1.7E2D DLTE3NGT 0.E18232
min A 300000 2.000004 103000 0.1 0a00n 0,000
10%: 4800000 2500000 1 ADMOD D200000 0L.CO0000
0% 00000 2.7 0000 1500000 DL200000 L0000
0% .2 FONO0 2800000 1. PD0n DLADD00 0.000000
40% SE00000 3000000 3200000 LAG000  1.000000
50 500000 3.000000 4. 350000 1300000 1.000000
G 6100000 3100000 4 540000 1 800000 1, (00000
0% 6300000 3. 200000 5000000 1800000 2.000000
B HAFI0O0T 3. 4000040 530000 1. 800000 2000000
0% GE0000 310000 00000 200000 2.000000
max 7900001 4.4 00000 EA00000 2500000 2000000
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Next, let's check whether there is any correlation between these features. That can be done
by calling .corr () on our DataFrame:

In |3%]: df.coEE()
sepal length [om]  mepal widsh (eml - pefnl length jom)  petal width [cm]  spocies
anpal length femj 100000 -0 1 (G368 ETITEA O.B1r5d  QomERSE
stpal width fomy 0.10835% 1 000000 L4056 03506544  -04719444
patal langih jem) QA7T1754 -1.420516 T, o000 D.A82757  O5dRlds
peertl wichh fom) /817854 -1 2568644 (ER= b Ty I R i
SoCies 0. 7a2541 04189446 O 5043 056464  1.000000

The default returns the Pearson correlation coefficient for each row-column pair. This can
be switched to Kendall's Tau or Spearman's rank correlation coefficient by passing in a
method argument (for example, . corr (method="spearman") or

.corr (method="kendall")).

Visualization

So far, we have seen how to select portions of a DataFrame and how to get summary
statistics from our data, but let's now move on to learning how to visually inspect the data.
But first, why even bother with visual inspection? Let's see an example to understand why.

Here is the summary statistics for four distinct series of x and y values:

Series of x and y Values

Mean of x 9

Mean of y 7.5

Sample variance of x 11

Sample variance of y 4.1

Correlation between x and y 0.816
Regression line y =3.00 + 0.500x

[21]
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Based on the series having identical summary statistics, you might assume that these series
would appear visually similar. You would, of course, be wrong. Very wrong. The four
series are part of Anscombe's quartet, and they were deliberately created to illustrate the
importance of visual data inspection. Each series is plotted as follows:
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Clearly, we would not treat these datasets as identical after having visualized them. So,
now that we understand the importance of visualization, let's take a look at a pair of useful
Python libraries for this.
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The matplotlib library

The first library we'll take a look atismatplotlib. The matplotlib library is the center of
the Python plotting library universe. Originally created to emulate the plotting
functionality of MATLAB, it grew into a fully-featured library in its own right with an
enormous range of functionality. If you have not come from a MATLAB background, it can
be hard to understand how all the pieces work together to create the graphs you see. I'll do
my best to break down the pieces into logical components so you can get up to speed
quickly. But before diving into matplot1lib in full, let's set up our Jupyter Notebook to
allow us to see our graphs inline. To do this, add the following lines to your import
statements:

import matplotlib.pyplot as plt
plt.style.use('ggplot')
$matplotlib inline

The first line imports matplotlib, the second line sets the styling to approximate R's
ggplot library (requires matplotlib 1.41 or greater), and the last line sets the plots so that
they are visible within the notebook.

Now, let's generate our first graph using our iris dataset:

fig, ax = plt.subplots(figsize=(6,4))

ax.hist (df['petal width (cm) '], color='black');
ax.set_ylabel ('Count’', fontsize=12)

ax.set_xlabel ('Width', fontsize=12)
plt.title('Iris Petal Width', fontsize=14, y=1.01)

The preceding code generates the following output:

Iris Petal width

[23]
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There is a lot going on even in this simple example, but we'll break it down line by line. The
first line creates a single subplot with a width of 6 inches and a height of 4 inches. We then
plot a histogram of the petal width from our iris DataFrame by calling .hist () and
passing in our data. We also set the bar color to black here. The next two lines place labels
on our y and x axes, respectively, and the final line sets the title for our graph. We tweak the
title's y position relative to the top of the graph with the y parameter, and increase the font
size slightly over the default. This gives us a nice histogram of our petal width data. Let's
now expand on that, and generate histograms for each column of our iris dataset:

fig, ax = plt.subplots (2,2, figsize=(6,4))

ax[0] [0] .hist (df['petal width (cm) '], color='black');

ax[0] [0] .set_ylabel('Count', fontsize=12)

ax[0] [0] .set_xlabel ('Width', fontsize=12)

ax[0] [0] .set_title('Iris Petal Width', fontsize=14, y=1.01)

ax[0] [1] .hist (df['petal length (cm)'], color='black');

ax[0] [1] .set_ylabel('Count', fontsize=12)

ax[0] [1] .set_xlabel ('Length', fontsize=12)

ax[0] [1] .set_title('Iris Petal Length', fontsize=14, y=1.01)

ax[1][0] .hist (df['sepal width (cm)'], color='black');
ax[1][0] .set_ylabel('Count', fontsize=12)

ax[1][0] .set_xlabel ('Width', fontsize=12)

ax[1][0] .set_title('Iris Sepal Width', fontsize=14, y=1.01)

ax[1][1] .hist (df['sepal length (cm)'], color='black');
ax[1][1] .set_ylabel('Count', fontsize=12)

ax[1][1] .set_xlabel ('Length', fontsize=12)

ax[1][1] .set_title('Iris Sepal Length', fontsize=14, y=1.01)

plt.tight_layout ()

[24]
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The output for the preceding code is shown in the following diagram:

: Iris Petal Width s Iris Petal Lenth
-0 S II
Whath Lentn
. Iris Sepal Width Iris Sepal Length
£ i
g4 5 ol 45 ‘_._";':.-_:|= .']_-';.‘::
Width Length

Obviously, this is not the most efficient way to code this, but it is useful for demonstrating
how matplotlib works. Notice that instead of the single subplot object, ax, as we had in
the first example, we now have four subplots, which are accessed through what is now the
ax array. A new addition to the code is the call to p1t.tight_layout (); this function will
nicely auto-space your subplots to avoid crowding.

Let's now take a look at a few other types of plots available in matplotlib. One useful plot
is a scatterplot. Here, we will plot the petal width against the petal length:

fig, ax = plt.subplots(figsize=(6,6))

ax.scatter (df['petal width (cm)'],df['petal length (cm)'],
color='green')

ax.set_xlabel ('Petal Width')

ax.set_ylabel ('Petal Length')

ax.set_title('Petal Scatterplot')

[25]
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The preceding code generates the following output:

Petal Scatterplot

Langth
I

Pata

Petal Widtt

As before, we could add in multiple subplots to examine each facet.

Another plot we could examine is a simple line plot. Here, we will look at a plot of the petal
length:

fig, ax = plt.subplots(figsize=(6,6))

ax.plot (df['petal length (cm)'], color='blue')
ax.set_xlabel ('Specimen Number')

ax.set_ylabel ('Petal Length')
ax.set_title('Petal Length Plot')

[26]
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The preceding code generates the following output:

Petal Length Plot

Length
-
_—

Peta

ol

el

bl B 104 1400 141 lall
Speciman Number

We can already begin to see, based on this simple line plot, that there are distinctive
clusters of lengths for each species—remember our sample dataset had 50 ordered

examples of each type. This tells us that petal length is likely to be a useful feature to
discriminate between the species if we were to build a classifier.

Let's look at one final type of chart from the matplotlib library, the bar chart. This is
perhaps one of the more common charts you'll see. Here, we'll plot a bar chart for the mean
of each feature for the three species of irises, and to make it more interesting, we'll make it a
stacked bar chart with a number of additional matplotlib features:

import numpy as np

fig, ax = plt.subplots(figsize=(6,6))

bar_width = .8

labels = [x for x in df.columns if 'length' in x or 'width' in x]
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set_y
ver_y

[df [df['species']==0] [x] .mean() for x in labels]
[df [df['species']==1] [x] .mean() for x in labels]

vir y = [df[df['species']==2][x].mean() for x in labels]

X

np.arange (len(labels))

ax.bar (x, set_y, bar_width, color='black')

ax.bar (x, ver_y, bar_width, bottom=set_y, color='darkgrey')

ax.bar(x, vir_y, bar_width, bottom=[i+j for i,j in zip(set_y, ver_y)],
color='white')

.set_xticks (x + (bar_width/2))

.set_xticklabels (labels, rotation=-70, fontsize=12);
.set_title('Mean Feature Measurement By Species', y=1.01)
.legend(['Setosa', 'Versicolor', 'Virginica'])

The output for the preceding snippet is given here:

Mean Feature Measuremeant by Species

E Setous
vErsicalor
WErinICE
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To generate the bar chart, we need to pass the x and y values into the .bar () function. In
this case, the x values will just be an array of the length of the features we are interested
in—four here, or one for each column in our DataFrame. The np.arange () function is an
easy way to generate this, but we could nearly as easily input this array manually. Since we
don't want the x axis to display this as 1 through 4, we call the . set_xticklabels ()
function and pass in the column names we wish to display. To line up the x labels properly,
we also need to adjust the spacing of the labels. This is why we set the xticks to x plus
half the size of the bar_width, which we also set earlier at 0. 8. The y values come from
taking the mean of each feature for each species. We then plot each by calling .bar (). Itis
important to note that we pass in a bot t om parameter for each series, which sets the
minimum y point and the maximum y point of the series below it. This creates the stacked
bars. And finally, we add a legend, which describes each series. The names are inserted into
the legend list in order of the placement of the bars from top to bottom.

The seaborn library

The next visualization library we'll look at is called seaborn,
(http://seaborn.pydata.org/index.html). It is a library that was created specifically for
statistical visualizations. In fact, it is perfect for use with pandas DataFrames, where the
columns are features and the rows are observations. This style of DataFrame is called tidy
data, and is the most common form for machine learning applications.

Let's now take a look at the power of seaborn:

import seaborn as sns
sns.pairplot (df, hue='species')

With just those two lines of code, we get the following:

[29]
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Seaborn plot

Having just detailed the intricate nuances of matplotlib, you will immediately appreciate
the simplicity with which we generated this plot. All of our features have been plotted
against each other and properly labeled with just two lines of code. You might wonder if I
just wasted dozens of pages teaching you matplotlib when seaborn makes these types

of visualizations so simple. Well, that isn't the case, as seaborn is built on top of

matplotlib. In fact, you can use all of what you learned about matplotlib to modify and

work with seaborn. Let's take a look at another visualization:

fig, ax = plt.subplots(2, 2,
sns.set (style='white', palette='muted')

sns.violinplot (x=df['species'],

figsize=(7, 7))

[30]
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sns.violinplot (x=df['species'], y=df['sepal width (cm)'], ax=ax[0,1])
sns.violinplot (x=df['species'], y=df['petal length (cm)'], ax=ax[1l,0])
sns.violinplot (x=df['species'], y=df['petal width (cm)'], ax=ax[1,1])
fig.suptitle('Violin Plots', fontsize=16, y=1.03)

for i in ax.flat:

plt.setp(i.get_xticklabels (), rotation=-90)

fig.tight_layout ()

The preceding code generates the following output:

Violin Plots
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Violin Plots
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Here, we have generated a violin plot for each of the four features. A violin plot displays
the distribution of the features. For example, you can easily see that the petal length of
setosa (0) is highly clustered between 1 cm and 2 cm, while virginica (2) is much more
dispersed, from nearly 4 cm to over 7 cm. You will also notice that we have used much of
the same code we used when constructing the matplotlib graphs. The main difference is
the addition of the sns.plot () calls, in place of the ax.plot () calls previously. We have
also added a title above all of the subplots, rather than over each individually, with the
fig.suptitle () function. One other notable addition is the iteration over each of the
subplots to change the rotation of the xticklabels. We call ax. flat () and then iterate
over each subplot axis to set a particular property using .setp (). This prevents us from
having to individually type out ax[0] [0] .. .ax[1] [1] and set the properties, as we did
previously in the earlier matplotlib subplot code.

There are hundreds of styles of graphs you can generate using matplotlib and seaborn,
and I highly recommend digging into the documentation for these two libraries—it will be
time well spent—but the graphs I have detailed in the preceding section should go a long
way toward helping you to understand the dataset you have, which in turn will help you
when building your machine learning models.

Preparation

We've learned a great deal about inspecting the data we have, but now let's move on to
learning how to process and manipulate our data. Here, we will learn about the .map (),
.apply (), .applymap (), and .groupby () functions of pandas. These are invaluable for
working with data, and are especially useful in the context of machine learning for feature
engineering, a concept we will discuss in detail in later chapters.
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map

We'll now begin with the map function. The map function works on series, so in our case we
will use it to transform a column of our DataFrame, which you will recall is just a pandas
series. Suppose we decide that the species numbers are not suitable for our needs. We'll use
the map function with a Python dictionary as the argument to accomplish this. We'll pass in
a replacement for each of the unique iris types:

In [30]: O] ‘specias’'] = &I species’|.map({d: 'SET", 1: 'VER", I: VIR })

Im [31]a df

Caat | 31]=

sapal longth fom)  sepal width (ol petal length (o) petal width {om]  species

o 5.1 3.5 1.4 oz SET
1 a8 a0 1.4 o2 BET
a 4.7 iz 1.3 o2 SET
a a8 a1 1.4 o2 SET
& 54 K E] 14 o3 3ET
b L 34 1.7 X SET
-] a4 a4 1A 3 SET
7 54 34 1.5 o2 SET
n 9.5 g4 1A B SET
1 4.4 aA 1.5 ot SET
1 L a.! 1.5 KN SET

Let's look at what we have done here. We have run the map function over each of the values
of the existing species column. As each value was found in the Python dictionary, it was
added to the return series. We assigned this return series to the same species name, so it
replaced our original species column. Had we chosen a different name, say short code,
that column would have been appended to the DataFrame, and we would then have the
original species column plus the new short code column.

We could have instead passed the map function a series or a function to perform this
transformation on a column, but this is a functionality that is also available through the
apply function, which we'll take a look at next. The dictionary functionality is unique to
the map function, and the most common reason to choose map over apply for a single
column transformation. But, let's now take a look at the apply function.
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apply
The apply function allows us to work with both DataFrames and series. We'll start with an

example that would work equally well with map, before moving on to examples that would
only work with apply.

Using our iris DataFrame, let's make a new column based on petal width. We previously
saw that the mean for the petal width was 1. 3. Let's now create a new column in our
DataFrame, wide petal, that contains binary values based on the value in the petal
width column. If the petal width is equal to or wider than the median, we will code it
with a 1, and if it is less than the median, we will code it 0. We'll do this using the apply
function on the petal width column:

In [32]: df['wide petal’'] = df] 'petal width fom)'j-apply{lambda v: 1 if v >= .3 alss 0)

In [33]e dE

Gutf 33 :

wepal lemgth ] epal wickth o] petal fength jom)  petel wicth [om]  species  wide petal

1] 81 4.5 T4 o2 BET 4]
1 44 3.0 T = - 5E1 il
-4 4.7 3.2 8 £k BET il
] 48 3.1 t.5 o2 SET a
4 &0 J.6 L o2 SET a
B 2.4 3.4 1.7 [E] BET il
] 44 .4 .4 o3 BET ]
T U 4.4 LE-] o 51 il
B 4.4 2.8 14 o2 gET il

A few things happened here, so let's walk through them step by step. The first is that we
were able to append a new column to the DataFrame simply by using the column selection
syntax for a column name, which we want to create, in this case wide petal. We set that
new column equal to the output of the apply function. Here, we ran apply on the petal
width column that returned the corresponding values in the wide petal column. The
apply function works by running through each value of the petal width column. If the
value is greater than or equal to 1. 3, the function returns 1, otherwise it returns 0. This
type of transformation is a fairly common feature engineering transformation in machine
learning, so it is good to be familiar with how to perform: it.
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Let's now take a look at using apply on a DataFrame rather than a single series. We'll now
create a feature based on the petal area:

J4]c i 'potel srma’] = dE.spplyilembds c2: o patad width jem)” ] ® of pezal leegbh jem ], Exim=]l

wepal besgth forr)  sasel witlh (ol palal leegih jorr)  palel widlh (om)  speces  wide pelel | palel @

a 51 a6 14 nE BET -] nm
1 'L £ 14 o GET & 0
2 47 2z 13 0F 5T 2 nim
a g ad F ne BET = 18]
4 L3 ET 14 e BT [ o
[ 5.4 LT 1.7 o4 5CT - nen
il i a4 i 08 BET o nig
T Y- 34 1.5 k3 BET - D30

Creating a new feature

Notice that we called apply not on a series here, but on the entire DataFrame, and because
apply was called on the entire DataFrame, we passed in axis=1 in order to tell pandas that
we want to apply the function row-wise. If we passed in axis=0, then the function would
operate column-wise. Here, each column is processed sequentially, and we choose to
multiply the values from the petal length (cm) and petal width (cm) columns. The
resultant series then becomes the petal area column in our DataFrame. This type of
power and flexibility is what makes pandas an indispensable tool for data manipulation.

applymap
We've looked at manipulating columns and explained how to work with rows, but suppose

you'd like to perform a function across all data cells in your DataFrame. This is where
applymap is the correct tool. Let's take a look at an example:
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In [M1: f applymapilembds x5 op.logix) if imisetance(x, float) slss x|
Dt [I6]1
sopal length [om]  sepal width feem)  petal length fomi pesal width [om)  species  wide patal  patal area
1] B3I | Z6HTES 0338472 1 808438 EET 0 1373088
1 1.588235 | CaEE 2 0332472 -1 E843E BET 0 -12TI86E
2 1 AT LAGEEET N ERIAE ] BET 0 -1.347074
a 1 2 RO 1. 111408 T AIEHEY =1 I8N =] n =125
4 (TR 1 200054 0358473 -1 00438 BET 0 -1237THE
B ] | 360E0TTF 0530628 TRl b BET 0 -03B5667
] 1.526066 | XA Th 0 33ears A FOFETE BET 0 «0B8&ETHDT
T 138438 | Z237Th 0405353 -1 08438 SET o -12eary

Using applymap function

Here, we called applymap on our DataFrame in order to get the log of every value
(np.log () utilizes the NumPy library to return this value), if that value is of the float type.
This type checking prevents returning an error or a float for the species or wide petal
columns, which are string and integer values respectively. Common uses of applymap
include transforming or formatting each cell based on meeting a number of conditional
criteria.

groupby
Let's now look at an operation that is highly useful, but often difficult for new pandas users

to get their heads around: the . groupby () function. We'll walk through a number of
examples step by step in order to illustrate the most important functionality.

The groupby operation does exactly what it says: it groups data based on some class or
classes you choose. Let's take a look at a simple example using our iris dataset. We'll go
back and reimport our original iris dataset, and run our first groupby operation:

In [37]s | df . .groupby( ' species’ ).mean| )

OuEE A7 ]

sapal lengtn jomd  sopal width (om]  petad length jom)  potal width (om]  wide potadl  petal s

apocies
SET =l s ] 4418 1did [rddd Qo 103
¥ER 5335 2771 4 200 1.326 oy horad
IR G588 2474 EEEZ 2.026 1.0 11 a5
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Here, data for each species is partitioned and the mean for each feature is provided. Let's
take it a step further now and get full descriptive statistics for each species:

In [38]: df.groupby| wpsciss’).desccibai)
Tk | i
S — ml lengin II::-IH Wl ——
AP
SET BoD O SUQEda S91 E3EE0 O3S OE k- Had 1. 3487 Ad -t 00 0O
WEN 300 S 1VHEMIN 220 4B8Em aHIS ETS g5 500 L4800 ... 310500 a= -l LR
iR G0 1132 EAEN2 TAD BTITG 1445 127D fRET GO GERE .. 376 3B &00 1.0 0.03E

Statistics for each species

And now, we can see the full breakdown bucketed by species. Let's now look at some
other groupby operations we can perform. We saw previously that petal length and width
had some relatively clear boundaries between species. Now, let's examine how we might
use groupby to see that:

In |43): df.groupby| 'petal widkth [om)')['species’ |.unigued}.to frame] |
Out[43]:
HpRCiEn
el weicdith [ermj
: 1 7 |EE'|'|
02 |SET]
[k | |SET]
hd |SET]
o |SET]
e |SET]
1.0 [vER]
1.1 [VEHA]
1.2 [vERA]
1.3 [WEHA]
14 [VER, WiF]
1.5 [VER, WiF]
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In this case, we have grouped each unique species by the petal width they were
associated with. This is a manageable number of measurements to group by, but if it were
to become much larger, we would likely need to partition the measurements into brackets.
As we saw previously, that can be accomplished by means of the apply function.

Let's now take a look at a custom aggregation function:

Inm 511+ df.groupby(’ epuciess’ j[ "petal width (em} ' ].agg{lasbda x: x.max() - X.mini )
L]t mpestias
BET 0.5
WEK Q.8
YIR 1.1
Hama: patal widith (cm), diype: [loatb4

In this code, we grouped petal width by species using the .max () and .min () functions,
and a lambda function that returns a maximum petal width less than the minimum petal
width.

We've only just touched on the functionality of the groupby function;
there is a lot more to learn, so I encourage you to read the documentation
available at http://pandas.pydata.org/pandas—docs/stable/.

Hopefully, you now have a solid base-level understanding of how to manipulate and
prepare data in preparation for our next step, which is modeling. We will now move on to
discuss the primary libraries in the Python machine learning ecosystem.

Modeling and evaluation

In this section ,we will go through different libraries such as statsmodels and Scikit-
learn and also understand what is deployment.

Statsmodels

The first library we'll cover is the statsmodels library (http://statsmodels.
sourceforge.net/). Statsmodels is a Python package that is well documented and
developed for exploring data, estimating models, and running statistical tests. Let's use it
here to build a simple linear regression model of the relationship between sepal length and
sepal width for the setosa species.
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First, let's visually inspect the relationship with a scatterplot:

fig,
ax.
ax.
ax.
ax.

set_ylabel ('Sepal Length')

set_xlabel ('Sepal Width')

ax = plt.subplots(figsize=(7,7))
scatter (df['sepal width (cm)'][:50],

df['sepal length (cm)'][:50])

set_title('Setosa Sepal Width vs. Sepal Length', fontsize=14, y=1.02)

The preceding code generates the following output:

Sepal Lengih

Setosa Sepal Width vs, Sepal Length

&g

L)

15 40 45
Sepad Width

LT

i
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So, we can see that there appears to be a positive linear relationship; that is, as the sepal
width increases, the sepal length does as well. We'll next run a linear regression on the data
using statsmodels to estimate the strength of that relationship:

import statsmodels.api as sm

y = df['sepal length'][:50]
x = df['sepal width'][:50]
X = sm.add_constant (x)

results = sm.OLS(y, X).fit()
print results.summary ()

The preceding code generates the following output:

0LE Hegression Eesuolte

Dep. Variabla: sRpal length R-pguarad: 0.5%K
Hodal & QLa Ad]. R-squared: 0,540
Methogd: Least BQuares F-prLatlstlio: &0,53
Data: Sun, 11 Oct 2015 FPeoh (F=8tatigtidc): 4. T3a=110
Tdma: 18:14:39 Log=-Likelihood: Z-08719
o, Ohiarvatlons: 50 AT -2.1751%
DEf Redlduala: 48 BIC: I.640
DE Modal: 1

eaal atd arre E Pt | [P5.0% Janf. Ink.]
Sonat 28447 0.305 a2, 660 0000 2.931 3,258
gepal width . &300 0.089 7.770 0. 000 0.5132 0,060
Omnikbast I.252 Mirbla-Wat8on: 2.517
Prob{Oemibug)q 0 .BEZ Japgue-Bera [(JB)a 0,436
EEEW: =-0.110 Peab(JB) i O.B04
Eurteaisg 2.59% Cond. Ha., 54.0

In the preceding diagram, we have the results of our simple regression model. Since this is
a linear regression, the model takes the format of Y = By+ B, X, where By is the intercept and
B, is the regression coefficient. Here, the formula would be Sepal Length = 2.6447 + 0.6909 *
Sepal Width. We can also see that the R’ for the model is a respectable 0. 558, and the p-
value, (Prob), is highly significant—at least for this species.
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Let's now use the results object to plot our regression line:

fig, ax = plt.subplots(figsize=(7,7))

ax.plot (x, results.fittedvalues, label='regression line')

ax.scatter(x, y, label='data point', color='r')

ax.set_ylabel ('Sepal Length')

ax.set_xlabel ('Sepal Width')

ax.set_title('Setosa Sepal Width vs. Sepal Length', fontsize=14, y=1.02)

ax.legend (loc=2)

The preceding code generates the following output:

Setosa Sepal Width vs. sepal Length

— 'I'I]ﬁ'-l"ﬂ.'l'l W

#  Oats poet

Sonal Langih

i
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1] 35 3.0 a5

Sapal Widlh

il

5

By plotting results.fittedvalues, we can get the resulting regression line from our

regression.
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There are a number of other statistical functions and tests in the stat smodels package,
and I invite you to explore them. It is an exceptionally useful package for standard
statistical modeling in Python. Let's now move on to the king of Python machine learning
packages: scikit-learn.

Scikit-learn

Scikit-learn is an amazing Python library with unrivaled documentation, designed to
provide a consistent API to dozens of algorithms. It is built upon, and is itself, a core
component of the Python scientific stack, which includes NumPy, SciPy, pandas, and
matplotlib. Here are some of the areas scikit-learn covers: classification, regression,
clustering, dimensionality reduction, model selection, and preprocessing.

We'll look at a few examples. First, we will build a classifier using our iris data, and then
we'll look at how we can evaluate our model using the tools of scikit-learn:

1. The first step to building a machine learning model in scikit-learn is
understanding how the data must be structured.

2. The independent variables should be a numeric n x m matrix, X, and the
dependent variable, y, an n x 1 vector.

3. The y vector may be either a numeric continuous or categorical, or a string
categorical.
4. These are then passed into the . fit () method on the chosen classifier.

5. This is the great benefit of using scikit-learn: each classifier utilizes the same
methods to the extent possible. This makes swapping them in and out a breeze.

Let's see this in action in our first example:

from sklearn.ensemble import RandomForestClassifier
from sklearn.cross_validation import train_test_split

clf = RandomForestClassifier (max_depth=5, n_estimators=10)

X
Yy

df.ix[:, :4]
df.ix[:, 4]

X_train, X test, y train, y_test = train_test_split (X, y, test_size=.3)
clf.fit (X_train,y_train)
y_pred = clf.predict (X_test)

rf = pd.DataFrame (zip(y_pred, y_test), columns=['predicted', 'actual'])
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rf['correct'] = rf.apply(lambda r: 1 if r['predicted'] == r['actual'] else
0, axis=1l)
rf

The preceding code generates the following output:

prodictad  achissl comact

] VIR v |
1 GET SET 1
2 VER WER 1
a LET SET 1
4 VER  WER 1
a VIR Wi 1
] ViR Wi 1
T VIR WS {
=] YER WER 1
=] WVER YER 1
10 VIR WS 1
1 VIR ViR 1
12 SET SET 1
13 VIR W i
14 EET SET |
15 VER WER i
1] SET SET 1

Now, let's execute the following line of code:

rf['correct'].sum()/rf['correct'].count ()

The preceding code generates the following output:

0.9555555555055556
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In the preceding few lines of code, we built, trained, and tested a classifier that has a 95%
accuracy level on our iris dataset. Let's unpack each of the steps. Up at the top, we made a
couple of imports; the first two are from scikit-learn, which thankfully is shortened to
sklearn in import statements. The first import is a random forest classifier, and the second
is a module for splitting your data into training and testing cohorts. This data partitioning
is critical in building machine learning applications for a number of reasons. We'll get into
this in later chapters, but suffice to say at this point it is a must. This train_test_split
module also shuffles your data, which again is important as the order can contain
information that would bias your actual predictions.

The first curious-looking line after the imports instantiates our classifier, in this case a
random forest classifier. We select a forest that uses 10 decision tress, and each tree is
allowed a maximum split depth of five. This is put in place to avoid overfitting, something
we will discuss in depth in later chapters.

The next two lines create our X matrix and y vector. If you remember our original iris
DataFrame, it contained four features: petal width and length, and sepal width and length.
These features are selected and become our independent feature matrix, X. The last column,
the iris class names, then becomes our dependent y vector.

These are then passed into the train_test_split method, which shuffles and partitions
our data into four subsets, X_train, X_test, y_train, and y_test. The test_size
parameter is set to . 3, which means 30% of our dataset will be allocated to the X_test and
y_test partitions, while the rest will be allocated to the training partitions, X_train and
y_train.

Next, our model is fitted using the training data. Having trained the model, we then call the
predict method on our classifier using our test data. Remember, the test data is data the
classifier has not seen. The return of this prediction is a list of prediction labels. We then
create a DataFrame of the actual labels versus the predicted labels. We finally total the
correct predictions and divide by the total number of instances, which we can see gave us a
very accurate prediction. Let's now see which features gave us the most discriminative or
predictive power:

f_importances = clf.feature_importances_

f_names = df.columns[:4]

f_std = np.std([tree.feature_importances_ for tree in clf.estimators_],
axis=0)

zz = zip(f_importances, f_names, f_std)
zzs = sorted(zz, key=lambda x: x[0], reverse=True)

imps = [x[0] for x in zzs]
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labels = [x[1] for x in zzs]
errs = [x[2] for x in zzs]

plt.bar (range (len (f_importances)), imps, color="r", yerr=errs,
align="center")

plt.xticks (range (len(f_importances)), labels);

The preceding code generates the following output:

ar

el
a5
04
Q3
a2
an e

petal wadth (om)  petal kength jom) sepal langth (cm) sapal width (cm)

As we expected, based upon our earlier visual analysis, the petal length and width have
more discriminative power when differentiating between the iris classes. Where exactly
did these numbers come from though? The random forest has a method called
.feature_importances_ that returns the relative performance of the feature for splitting
at the leaves. If a feature is able to consistently and cleanly split a group into distinct
classes, it will have a high feature importance. This number will always total one. As you
will notice here, we have included the standard deviation, which helps to illustrate how
consistent each feature is. This is generated by taking the feature importance, for each of the
features, for each ten trees, and calculating the standard deviation.
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Let's now take a look at one more example using scikit-learn. We will now switch out our
classifier and use a support vector machine (SVM):

from sklearn.multiclass import OneVsRestClassifier
from sklearn.svm import SVC
from sklearn.cross_validation import train_test_split

clf = OneVsRestClassifier (SVC(kernel='linear'))

X
Y

df.ix[:, :4]
np.array(df.ix[:,4]) .astype(str)

X_train, X_test, y_train, y_test = train_test_split (X, y, test_size=.3)
clf.fit (X_train,y_train)
y_pred = clf.predict (X_test)

rf = pd.DataFrame (zip(y_pred, y_test), columns=['predicted', 'actual'])

rf['correct'] = rf.apply(lambda r: 1 if r['predicted'] == r['actual'] else
0, axis=1)
rf

The preceding code generates the following output:

predicted achual commect
i BET SET 1
1 =TT 1
2 VER  VER 1
3 VIR iR 1
4 BET SET 1
5 VIR WER 0
L1 ViR WiH 1
7 VER  VER 1
H IR iR 1
k| VER  VER 1
10 VIR VER o
1 VIR WviA 1
12 VIR viR 1
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Now, let's execute the following line of code:

rf['correct'].sum()/rf['correct'].count ()

The preceding code generates the following output:

Q.97717197777777775

Here, we have swapped in an SVM without changing virtually any of our code. The only
changes were the ones related to the importing of the SVM instead of the random forest,
and the line that instantiates the classifier. (I did have to make one small change to the
format of the y labels, as the SVM wasn't able to interpret them as NumPy strings like the
random forest classifier was. Sometimes, these data type conversions have to be made
specific or it will result in an error, but it's a minor annoyance.)

This is only a small sample of the functionality of scikit-learn, but it should give you a hint
of the power of this magnificent tool for machine learning applications. There are a number
of additional machine learning libraries we won't have a chance to discuss here but will
explore in later chapters, but I strongly suggest that if this is your first time utilizing a
machine learning library, and you want a strong general-purpose tool, scikit-learn is your
go-to choice.

Deployment

There are a number of options you can choose from when you decide to put your machine
learning model into production. It depends substantially on the nature of the application.
Deployment could include anything from a cron job run on your local machine to a full-
scale implementation deployed on an Amazon EC2 instance.

We won't go into detail regarding specific implementations here, but we will have a chance
to delve into different deployment examples throughout the book.
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Setting up your machine learning
environment

We've covered a number of libraries, and it could be somewhat of a chore to install if you
were to do each individually—which you certainly can, since most can be installed with
pip, Python's package manager, but I would strongly urge you to go with a prepacked
solution such as the Anaconda Python distribution (http://anaconda.org). This allows
you to download and install a single executable with all the packages and dependencies
handled for you. And since the distribution is targeted to Python scientific stack users, it is
essentially a one-and-done solution.

Anaconda also includes a package manager that makes updating your packages a simple
task. Simply type conda update <package_name>, and you will be updated to the most
recent stable release.

Summary

In this chapter, we learned about the data science/machine learning workflow. We learned
how to take our data step by step through each stage of the pipeline, going from acquisition
all the way through to deployment. We also learned key features of each of the most
important libraries in the Python scientific stack. We will now take this knowledge and
these lessons and begin to apply them to create unique and useful machine learning
applications. Let's get started!
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Build an App to Find
Underpriced Apartments

In chapter 1, The Python Machine Learning Ecosystem, we learned the essentials for working
with data. We'll now apply that knowledge to build out our first machine learning
application. We'll begin with a minimal, but highly-practical example: building an
application to identify underpriced apartments.

If you've ever searched for an apartment, you will appreciate just how frustrating the
process can be. Not only is it time-consuming, but even when you do find an apartment
you like, how do you know whether it's the right one?

Most likely, you have a target budget and a target location. But, if you are anything like me,
you are also willing to make a few trade-offs. For example, I live in New York City, and
being near an amenity like the subway is a big plus. But how much is that worth? Should I
trade being in a building with an elevator for being closer to the train? How many minutes
of walking to the train is worth walking up a flight of stairs? When renting, there are
dozens of questions like this to consider. So how can we use machine learning to help us
make these types of decisions?

We'll spend the remainder of this chapter exploring just that. We won't be able to get
answers to all the questions we have (for reasons that will become clear later), but by the
end of the chapter, we'll have created an application that will make finding the right
apartment just a little bit easier.

Here's what we'll cover in this chapter:

e Sourcing apartment listing data

e Inspecting and preparing the data
e Visualizing the data

e Regression modeling

e Forecasting
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Sourcing apartment listing data

In the early 1970s, if you wanted to purchase a stock, you would need to engage a broker,
who would charge you a fixed commission of nearly 1%. If you wanted to purchase an
airline ticket, you would need to contact a travel agent, who would earn a commission of
around 7%. And if you wanted to sell a home, you would contact a real estate agent, who
would earn a commission of 6%. In 2018, you can do the first two essentially for free. The
last one remains as it was in the 1970s.

Why is this the case and, more importantly, what does any of this have to do with machine
learning? The reality is, it all comes down to data, and who has access to that data.

You might assume that you could easily access troves of real estate listing data quite easily
through APIs or by web scraping real estate websites. You would be wrong. Well, wrong if
you intend to follow the terms and conditions of those sites. Real estate data is tightly
controlled by the National Association of Realtors (NAR), who run the Multiple Listing
Service (MLS). This is a service that aggregates listing data, and is only available to brokers
and agents at great expense. So, as you can imagine, they aren't too keen on letting just
anyone download it en masse.

This is unfortunate, since opening up this data would undoubtedly lead to useful consumer
applications. This seems especially important for a purchase decision that represents the
largest portion of a family's budget.

With that said, not all hope is lost, as not every site explicitly bans scraping.

Pulling down listing data

We'll be using the RentHop site, http://www.renthop.com, to source our listing data. The
following screenshot of the site shows the layout of the listings we'll be retrieving;:
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What we can see is that the listings have the address, the price, the number of bedrooms,
and the number of bathrooms. We'll start by retrieving this information for each listing.

We are going to be using the Python Requests library for this task. Requests is dubbed
HTTP for humans, and it makes it super easy to retrieve websites. If you want an overview

on how to use Requests, the quick start guide is available
athttp://docs.python—requests.org/en/master/user/quickstart/.FOHOVVtheseStepS:

1. So, the first step is to prepare our Jupyter Notebook with the imports we'll be
using for this task. We do that in the following code snippet:

import numpy as np
import pandas as pd

import requests

import matplotlib.pyplot as plt
$matplotlib inline

We'll likely need to import more libraries later on, but for now this should get us
started.

[51]
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2. We are going to use NYC apartment data in our model. The URL for that data is
https://www.renthop.com/nyc/apartments—for—rent.Lefsrurla(pﬁcktestand
make sure we can retrieve that page. We do that in the following code:

r = requests.get ('https://www.renthop.com/nyc/apartments—for-rent')
r.content

3. This code makes a call to the site, and retrieves the information, storing it in the r
object. There are a number of attributes we could retrieve from that r object, but
for now, we just want the page content. We can see the output of that in the
following screenshot:

3]t ‘c.Sontank

Q4AB0TZERI G 1deRd ] jpg”~ mlt="1 Bedroos, Dpper Weet Sldo Rertal Ln YD for §3,000 - Fhoto 17>
wflggetitet faa'indn rtyliem turt-Secoratian: oecoa® hoef="hitpe: /fveer. renthop.cond 11wk isge /309w
1=T0=BLEEE A 1ETEERT L™ Olabs="d=n0nE d=-Kl-inlitd-Blodk™* " rrchiy alape="gaaroh-Linms" aLyls

="vartical-align: topp” epo="kttpa s fphotoa .renthop cond'p/ e/ El3abd0; 131097 BeDT4198002ROREA
FLALd 3 kel lef b, ipy" alem"] Bedrpos, Tpeedr West Side Merkal s HYC Sac 83,000 = PRote 2%<FE
FEwneferiasSdivrireafily oleese "adarch=info pr-3 pl=1 pr-md-0 pl-wd=-4 > \peodlvrinediv clase=" 1
at=right allgn-tap font-eize-1°=inuepas cl =" fomtegray=3"®1 housesfapanisinepan style="ool
G POS8SEd " RRLED JAnBaD i< fEpan= L ncEpas LdeT1ipring= 127605 ] L-hopucore” faeT100" as"100" M
=100% re=" 00" slasa="hopecore-link b foat-blon® style="carecr: pointercp " =LO0</ mpansin fdivs
nda ld="limting-13168571-title” clamsr"font-aize-1L listisg-titla<link b" hecaf="kitpen s fewe.
Ienshopoond Lincinge 109 -wept-TE-atreat/ Mo/ LZ76RET]">005 West 7§ Srest, Apt dB<Sa~wn=div id
=" linting=i27408Tl~cmighbarhoods ® wbyles"mrgin-top: -lpx;" class="font-size-9 ovecflew-ellip
Ala"F\nUpEsy WOt 510G, UppOE BSAhGELED, Manhaccanss<Sdivs'oeefdivenediv arylas " marglo=eop: £
px| " vnttakble 1d="1inting-13TEiE%7l-info " s inakrsindtd id="l1ldsting-l3TeERTL-prioe” cinan="2fank-
ulga-11 Bold” scyle="paddingz Spa LO0px Epa Opxi wectical-aligsr boktom; ">wasd; 000he< fed> " robd
glapp="foat-ailme~-11" pryle="border-lefts Lpe solid Feccpepd padding) &px LOpx UpE LOp®i WErL
tcal-nlige: botbom; "Findepen styles tant-seight: bold] colar: #dddéd; " Badspparieine fodeio
<td flags="fonk=alie=11 bOld" style="border=1afei 1pd aolld dessces; padllngi Ope 1dpa Ope 16
el vertical-allgn: bottom)"s\p=apan styis="font-weighz! baldp colop: #4444484;°>] Eathz/spurs
waseder e feee i fradal e fd v aod iy eldsas" " rdd iy elanie" font-iloe-1 cvesrflow-allipaie>

LR T LY SR P e L S e e S TR T LLLL Y S SO ST T e S S e T PR

4. Upon inspection, it looks like everything we want is contained in this. To verify
that, let's copy all of the HTML and paste it into a text editor, and then open it in
a browser. I'm going to do that using Sublime Text, a popular text editor
available at https://www.sublimetext .com/.
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5. In the following screenshot, you can see that I have pasted the copied HTML
from the Jupyter output into Sublime Text and saved it as test .html:

HTML text
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6. Next, we click on Open in Browser, and we can see output that resembles the
following image:
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Notice that although the text doesn't render cleanly (due to the lack of CSS), all the data we
are targeting is there. Fortunately for us, that means the RentHop site doesn't use any
advanced JavaScript rendering, so that should make our job much easier. If it did, we'd
have to use a different tool like Selenium.
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Let's now examine the page elements to see how we can parse the page data:

1. Open the RentHop site in Chrome and right-click anywhere on the page.
2. At the bottom of the context menu, you should see Inspect. Click on that. The
page should now resemble the following image:
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3. In the tool that just opened, in the upper left-hand corner, there is a square with
an arrow in the corner. Click that, and then click on the data on the page. It

should look like the following:
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We can see from this that each listing's data is in a table, and that the first td tag
contains the price, the second contains the number of bedrooms, and the third
contains the number of bathrooms. We will also want the address of the
apartment that can be found in an anchor, or a tag.

Let's now begin building out our code to test our parsing of the data. To do our HTML
parsing, we are going to use a library call BeautifulSoup. The documentation for it can be
found at https://www.crummy.com/software/Beautifulsoup/. BeautifulSoup is a popular,
easy-to-use Python HTML parsing library. It can be pip installed if you don't already have
it. We are going to use it to pull out all of the individual specs for our apartment listings:

1. To get started, we simply need to pass our page content into the BeautifulSoup
class. This can be seen in the following code:

from bs4 import BeautifulSoup
soup = BeautifulSoup(r.content, "html51ib")

2. We now can use this soup object that we've created to begin parsing out our
apartment data. The first thing we want to do is retrieve that div tag that
contains our listing data on the page. We see that in the following code:

listing_divs = soup.select ('div[class*=search-info]')
listing_divs

What we've done in the preceding code is to select all divs that contain search-
info. These are exactly the divs that have our data.

3. Next, we look at the output from this in the following screenshot:
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4. Notice that we have a Python list of all the div tags we were seeking. We know
from looking at the page that there should be twenty of these. Let's confirm that:

len(listing_divs)

5. We then see the following output, which confirms that we have captured them
all as we wanted:

len({listing diwvs)

20

Pulling out the individual data points

Now that we have all the divs with our listing data for each apartment, we need to pull
out the individual data points for each apartments.

These are the points in each that we want to target:

e URL of the listing
Address of the apartment
Neighborhood

Number of bedrooms
Number of bathrooms

[571
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Obviously, we love to have way more info—things such as square footage, for example, but
we'll have to make do with what we have.

Let's begin by looking at the first listing:
listing divs[0]

The preceding code results in the following output:

<div class="search-info pr-3 pl-3 pr-md-0 pl-md-4">

<div>

<div class="float-right align-top font-size-9">

<span class="font-gray-2">9 hours</span>

<span style="color: #dddddd;"> | </span>

<span class="hopscore-link b font-blue" £fs="99" id="listing-12960379-hopscore” ms="90" gs="10
0" rs="100" style="cursor: pointer;">100</span>

</div>

<a class="font-size-11 listing-title-link b" href="https://www.renthop.com/listings/439-w-48t
h-st/3w/12960379" id="1listing-12960379-title">439 W 48th St, Apt 3W</a>

<div class="font-size-9 overflow-ellipsis" id="1isting-12960379-neighborhoods" style="margin-
top: -1px;">

Hell's Kitchen, Midtown Manhattan, Manhattan

</div>

</div>

<div style="margin-top: 8px;">

<table id="1isting-12960379-info">

<tbody><tr>

<td class="font-size-11 bold" id="1listing-12960379-price" style="padding: Opx 1l0px Opx Opx; Vv
ertical-align: bottom;">

Notice that this first div contains all of the data points we were looking for. We just now
need to begin our parse to target them each individually. Let's look at the first one we want
to retrieve, the URL.

We can see that the URL for the page is with an anchor, or a tag. Let's parse that out now.
We can do that with another select statement, as can be seen in the following code
snippet:

listing_divs[0] .select ('a[id*=title] ') [0] ['href']

We see the output in the following screenshot:

'"https://www.renthop.com/listings/439-w-48th-st/3w/12960379"'
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This is exactly what we were hoping for. We can now continue to retrieve the other data
points for the listing. We do that in the following code:

href = current_listing.select('a[id*=title]') [0]['href']
addy = current_listing.select('a[id*=title]') [0].string
hood = current_listing.select ('div[id*=hood] ') [0]\

.string.replace('\n','")

Let's now verify this by printing out what we've captured. We do that in the following
code:

print (href)
print (addy)
print (hood)

The preceding code results in the following output:

ybEpe: S Svww . renthop.comf listings 439 -w=-48th-aL/IW/ 12960379
439 W 48th S5t, hpt 3IW
Hell's Kitchen, Midtown Manhattan, Manhattan

Based on this output, we are getting the data we need. Let's continue on with the last few
items we need—the bedrooms, bathrooms, and the price.

Since these items have a slightly different presentation in that they are in a table tag in our
div and then inside a table row, or tr, we will need to iterate over each point to capture
our data. We do that in the following code:

listing specs = listing divs[0].select('table[id*=info] tr')
for spec in listing_specs:
spec_data = spec.text.strip() .replace(' ', '_').split()
print (spec_data)

The preceding code results in the following output:

['$4,500', '3 Bed', 'l Bath']

Again, this is exactly what we were looking for. We now have all the data that we were
seeking. Let's now pull it all together in a loop so that we can pull the data from each listing
and save it into a list.
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In the following code, we will pull out all the data points for each listing;:

listing list = []

for idx in range(len(listing_divs)):
indv_listing = []
current_listing = listing divs[idx]
href = current_listing.select('a[id*=title]') [0]['href']
addy = current_listing.select ('a[id*=title]') [0].string
hood = current_listing.select ('div[id*=hood]"') [0]\
.string.replace('\n',"'")

indv_listing.append (href)
indv_listing.append (addy)
indv_listing.append (hood)
listing specs = current_listing.select('table[id*=info] tr')
for spec in listing_specs:
try:
indv_listing.extend (spec.text.strip()\
.replace(' ', '_').split())
except:
indv_listing.extend(np.nan)
listing list.append(indv_listing)

Let's unpack a bit what we did in the preceding code. We know we have 20 divs that
contain the apartment listing on the page, so we create a for loop that goes through each
one and pulls out the data and adds it to indv_1isting. When that is complete, all the
data for the individual listing is then added to the 1isting_1list, which contains all the
final info for the 20 apartment listings. We verify that with the following code:

listing list

The preceding code results in the following output:
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[['https://www.renthop.com/listings/439-w-48th-st/3w/12960379"',
'439 W 48th St, Apt 3W',

"Hell's Kitchen, Midtown Manhattan, Manhattan",

'$4,500°',

'3 _Bed',

'l Bath'],
'https://www.renthop.com/listings/rutgers-street/4hs/12959229"',
'Rutgers Street',

'Two Bridges, Downtown Manhattan, Manhattan',

'$3,895",

'l Bed',

'l Bath'],
'https://www.renthop.com/listings/485-hicks-street/1/11481619"',
'485 Hicks Street, Apt 1',

'Cobble Hill, South Brooklyn, Brooklyn',

'$1,999°',

'l Bed',

'l Bath'],
'https://www.renthop.com/listings/east-35th-street/17g/12930185"',
'East 35th Street',

—

—

—

Again, we appear to be getting the results we expect, so we will continue on. A check of the
number of items in 1isting_list also confirms we have all 20 apartments on the page.

So far, we have successfully retrieved one page of data. While that is great, we are going to
need far more apartments if we want to build any kind of meaningful model. To do this, we
will need to iterate over a number of pages. To that end, we'll need to use the appropriate
URLs. We can see that at the bottom of the listings, there is a button that says Next. If you
right-click on that button, and click Copy Link Address, you see it looks like the following
URL: https://www.renthop.com/search/nyc?max_price=50000min_price=0page=2sort=

hopscoreg=search=0.

Parsing data

A basic analysis of the URL tells us that we are passing in parameters that include min price
and max price, but most importantly, the page number. We can use this in our code, and
just dynamically change that page number to pull additional pages using a loop.

Let's try this with some sample code:

url_prefix =
"https://www.renthop.com/search/nyc?max_price=50000&min_price=0&page="
page_no = 1
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https://www.renthop.com/search/nyc?max_price=50000&min_price=0&page=2&sort=hopscore&q=&search=0
https://www.renthop.com/search/nyc?max_price=50000&min_price=0&page=2&sort=hopscore&q=&search=0
https://www.renthop.com/search/nyc?max_price=50000&min_price=0&page=2&sort=hopscore&q=&search=0
https://www.renthop.com/search/nyc?max_price=50000&min_price=0&page=2&sort=hopscore&q=&search=0
https://www.renthop.com/search/nyc?max_price=50000&min_price=0&page=2&sort=hopscore&q=&search=0
https://www.renthop.com/search/nyc?max_price=50000&min_price=0&page=2&sort=hopscore&q=&search=0
https://www.renthop.com/search/nyc?max_price=50000&min_price=0&page=2&sort=hopscore&q=&search=0
https://www.renthop.com/search/nyc?max_price=50000&min_price=0&page=2&sort=hopscore&q=&search=0
https://www.renthop.com/search/nyc?max_price=50000&min_price=0&page=2&sort=hopscore&q=&search=0
https://www.renthop.com/search/nyc?max_price=50000&min_price=0&page=2&sort=hopscore&q=&search=0
https://www.renthop.com/search/nyc?max_price=50000&min_price=0&page=2&sort=hopscore&q=&search=0
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url_suffix = "&sort=hopscore&g=&search=0"

for i in range(3):
target_page = url_prefix + str(page_no) + url_suffix
print (target_page)
page_no += 1

The preceding code results in the following output:

This looks like a success. Now we need to just put it all together. We'll start by turning our
parsing loop into a proper function that we can call for each of the pages. We do that in the
following code:

def parse_data(listing divs):

listing list = []

for idx in range(len(listing_divs)):
indv_listing = []
current_listing = listing divs[idx]
href = current_listing.select('a[id*=title]') [0]['href']
addy current_listing.select ('a[id*=title]') [0].string
hood = current_listing.select ('div[id*=hood]"') [0]\
.string.replace('\n',"'")

indv_listing.append (href)
indv_listing.append (addy)
indv_listing.append (hood)

listing specs = current_listing.select('table[id*=info] tr')
for spec in listing_specs:

try:
values = spec.text.strip().replace(' ', '_').split()
clean_values = [x for x in values if x != '_"']
indv_listing.extend(clean_values)

except:

indv_listing.extend (np.nan)
listing list.append(indv_listing)
return listing list
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This function will take in a page full of 1isting_divs and return the data payload for
each. We can then keep adding the data to our master list of apartment data. Notice that
there is some additional code in there to validate and remove some erroneous '_' values
that get added in the 1isting_spec loop. This was to avoid some bad parsing that added
an additional column when there shouldn't have been one.

Next, we will build the main loop that will retrieve each page, get the 1isting_divs,
parse out the data points, and finally add all of the info to our final Python list of all data
points for each listing. We do that in the following code:

all_pages_parsed = []

for i in range(100):
target_page = url_prefix + str(page_no) + url_suffix
print (target_page)
r = requests.get (target_page)
soup = BeautifulSoup(r.content, 'html51ib')
listing_divs = soup.select('div[class*=search-info]')
one_page_parsed = parse_data(listing_divs)
all_pages_parsed.extend (one_page_parsed)
page_no +=1

Before trying this on 100 pages, you should confirm that it works on a much smaller
number, like 3.

You should have noticed the page being printed out as the code ran. If you used 30 pages,
you should see that there are 2,000 listings in your al1l_pages_parsed list.

Let's now move our data into a pandas DataFrame, so that we can work with it more
easily. We do that in the following code:

df = pd.DataFrame (all_pages_parsed, columns=['url',6 'address',
'neighborhood’', 'rent', 'beds', 'baths'])

df
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The preceding code results in the following output:

1D

871 Bergen Street, Crown Heights, Central Brooklyn,

Side, Upper Manha...

2 https://www.renthop.com/listings/private-balco... Apt 4 Brooklyn $4,150
3 https://www.renthop.com/listings/1-west-street... 1 West StreetézA&t Finaniillaalu?hi:‘giac;: EAZV:E;?:; 2 $2,800
4 https://www.renthop.com/listings/stanton-stree... Stanton Street LowerME;sr:iit::: II\D/I(;:E:::; : $3,900
5 https://www.renthop.com/listings/long-island-c... Logl?nltselfsngg:_? Long Island Cighg;r;?gizt:r:g $3,100
6 https://www.renthop.com/listings/west-end-ave/... West End Ave. b e D S e i $6,100

Side, Upper Manhatt...

url address neighborhood rent beds baths

) . N . Upper East Side, Upper
0 https://www.renthop.com/listings/east-75th-str... East 75th Street Manhattan, Manhattan $2,900 2_Bed 1_Bath
1 https://www.renthop.com/listings/15-w-103rd-st... 15 W 103rd St., Apt Manhattan Valley, Upper West $4,595 Studio 1.5_Bath

3_Bed 1_Bath

1_Bed 1_Bath

2_Bed 1_Bath

1_Bed 1_Bath

3_Bed 2 _Bath

Now that we have all our data pulled down, parsed, and incorporated in a DataFrame, let's
move on to cleansing and verifying our data.

Inspecting and preparing the data

Let's begin by inspecting the data points for each of our columns. We want to look for odd
and outlier values in our data. We will start by looking at the bedroom and bathroom

columns:

1. In the following code, we look at the unique values for bedrooms:

df['beds'] .unique ()

The preceding code results in the following output:

array(['l Bed',
'Loft’',

'4 Bed',
' 1 Bed',

'2 Bed', 'Studio',
'6_Bed', '_3 Bed',

'3 Bed', '5 Bed',

' Studio',

' 2 Bed'], dtype=object)

2. Now, let's look at bathrooms. We do that in the following code:

df['baths'] .unique ()
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The preceding code results in the following output:

array(['1l_Bath', '1.5_Bath', '2_Bath', '2.5_Bath', '_1_Bath', '3_Bath',
'3.5_Bath', '_2.5 Bath', '_2 Bath', '4_Bath', '_3 _Bath', '5_Bath',
'4.5 Bath'], dtype=object)

3. Based on the output from the two preceding queries, we see that we need to
correct some items that have a leading underscore. Let's do that now:

df['beds'] = df['beds'].map(lambda x: x[1:] if x.startswith('_"')
else x)

df['baths'] = df['baths'] .map(lambda x: x[1:] if x.startswith('_"')
else x)

4. In the preceding code, we ran a pandas map function with a 1ambda function that
essentially checks whether the element begins with an underscore and, if so,
removes it. A quick check of the unique values for beds and baths should reveal
that our erroneous starting underscores have been removed:

df['beds'] .unique()

The preceding code results in the following output:

array(['l_Bed', '4 Bed', '2 Bed', 'Studio', '3_Bed', '5_Bed', 'Loft’,
'6_Bed'], dtype=object)

Let's execute the following line of code and look at the results:

df['baths'] .unique ()

The preceding code results in the following output:

array(['l_Bath', 'l.5 Bath', '2_Bath', '2.5_Bath', '3_Bath', '3.5_Bath’',
'4 Bath', '5 Bath', '4.5 Bath'], dtype=object)

5. Next, we want to look at some descriptive statistics to better understand our
data. One way to do that is with the describe method. Let's try that in the
following code:

df .describe()
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The preceding code results in the following output:

url address neighborhood rent beds baths

count 2000 1998 2000 2000 2000 2000
unique 1773 1292 125 647 8 9
top https://www.renthop.com/listings/1 06-ains!(?:-'-. x:)’;k Hell's Kitchen, Midtown I\:Aa;]hhe;ftt?:r; $3,200 1.Bed 1 Bath
freq 3 15 171 38 654 1462

While we were hoping to get metrics such as the average number of beds and baths, and
things like the max rent, what we instead received was much less than that. The problem is
that the data is not the correct data type for these operations. Pandas can't perform those
types of operation on what are string objects. We will need to clean up our data further and
set it to the correct data types. We will do that in the following code:

df['rent'] = df['rent'].map(lambda x:

str(x) .replace('$',"'') .replace(',','"')) .astype('int"')
df['beds'] = df['beds'].map(lambda x: x.replace('_Bed', ''))
df['beds'] = df['beds'].map(lambda x: x.replace('Studio', '0'))

df['beds'] df['beds'] .map(lambda x: x.replace('Loft', '0')).astype('int')
df['baths'] = df['baths'] .map(lambda x: x.replace('_Bath',
'')) .astype('float')

What we have done in the preceding code is to remove anything that is non-numeric from
each of the values. You can see that we removed _Bed and _Bath to leave just the number,
and that we replaced words such as Studio and Loft with the actual number of bedrooms,
which is zero.

Sneak-peek at the data types

Let's now look at our data types:

df.dtypes
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The preceding code results in the following output:

url object
address object
neighborhood object
rent int64
beds int64
baths float64
dtype: object

This is what we want to see. Notice that since we can have a half bath, we needed a float
there rather than an integer.

Next, let's carry out an inspection. Let's get a count of the number of units in each
neighborhood:

df .groupby ( 'neighborhood') [ 'rent '] .count () .to_frame('count')\
.sort_values (by='count', ascending=False)

The preceding code generates the following output:

count

neighborhood

Hell's Kitchen, Midtown Manhattan, Manhattan 171

Upper East Side, Upper Manhattan, Manhattan 115

Financial District, Downtown Manhattan, Manhattan 108
Upper West Side, Upper Manhattan, Manhattan 79
Yorkville, Upper East Side, Upper Manhattan, Manhattan 67
Williamsburg, Northern Brooklyn, Brooklyn 65

Murray Hill, Midtown Manhattan, Manhattan 64

Long Island City, Northwestern Queens, Queens 61

Rose Hill, Kips Bay, Midtown Manhattan, Manhattan 55

Bedford-Stuyvesant, Northern Brooklyn, Brooklyn 53
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It looks like most of the units are in Manhattan, which is what we might expect. Let's make
sure that our neighborhood strings are clean. We can do that by doing a number
of groupby operations:

df [df [ 'neighborhood'] .str.contains ('Upper East
Side') ] [ 'neighborhood'] .value_counts ()

The preceding code generates the following output:

Upper East Side, Upper Manhattan, Manhattan 115
Yorkville, Upper East Side, Upper Manhattan, Manhattan 67
Lenox Hill, Upper East Side, Upper Manhattan, Manhattan 9
Carnegie Hill, Upper East Side, Upper Manhattan, Manhattan 5
Upper East Side, Upper Manhattan, Manhattan 1
Name: neighborhood, dtype: inté64

It looks like we have some issues with leading and possibly trailing spaces. Let's clean that
up. We do so in the following code:

df [ 'neighborhood'] = df['neighborhood'] .map(lambda x: x.strip())

That should clear it up. Let's validate that:

df [df [ 'neighborhood'] .str.contains ('Upper East
Side') ] [ 'neighborhood'] .value_counts ()

The preceding code results in the following output:

Upper East Side, Upper Manhattan, Manhattan 116
Yorkville, Upper East Side, Upper Manhattan, Manhattan 67
Lenox Hill, Upper East Side, Upper Manhattan, Manhattan 9
Carnegie Hill, Upper East Side, Upper Manhattan, Manhattan 5
Name: neighborhood, dtype: inté64

Perfect. Exactly what we want to see. At this point, we can do a few more inspections. Let's
just take a look at the mean rent by neighborhood:

df.groupby ( 'neighborhood') [ 'rent'] .mean() .to_£frame ('mean')\
.sort_values (by="mean', ascending=False)
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The preceding code results in the following output:

mean

neighborhood

Lincoln Square, Upper West Side, Upper Manhattan, Manhattan 7313.784314
SoHo, Downtown Manhattan, Manhattan 7177.272727

Tribeca, Downtown Manhattan, Manhattan 6571.400000

Governors Island, Manhattan 6000.000000

Midtown East, Midtown Manhattan, Manhattan 5884.200000

Flatiron District, Midtown Manhattan, Manhattan 5765.333333

North Slope, Park Slope, South Brooklyn, Brooklyn 5497.500000

Battery Park City, Downtown Manhattan, Manhattan 5388.578947

DUMBO, Northwestern Brooklyn, Brooklyn 5273.600000

Little ltaly, Downtown Manhattan, Manhattan 5268.000000

We see that the Lincoln Square area appears to have the highest rent on average. At this
point, we could continue on querying the data for interesting patterns, but let's move on to
visualizing the data.

Visualizing our data

When dealing with geographic data, as we are here, it is immensely valuable to be able to
plot that information. One way of doing that is with something called a choropleth map. A
choropleth is essentially a geographic heat map. We are going to build a choropleth to
create a heat map of average rental price by ZIP code.

The first thing we will need to do this is the ZIP code. Unfortunately for us, our dataset
does not contain ZIP code information. We do, however, have the address for the
properties. With a little help from the Google Maps API, we can retrieve this information.
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Currently, the Google Maps APl is a paid APL The rates are reasonable, 1,000 calls for $5,
but they also give you a credit of $200 each month (at the time of writing). They also allow
you to sign up for a free trial before they will start billing you, and they won't bill unless
you explicitly give them the okay to do so. Since there really is no free alternative out there,
we'll go ahead and sign up for an account. I'll walk you through the steps in the following;:

1. The first step is to go to the Google Maps API page at https://developers.

google.com/maps/documentation/geocoding/intro:
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b s e, U L
) ey g
P & e Fansios Ja8oading (8 188 pioosns o Comes nag giagrandes oo0eEe S 1A R B Dl MRS Pieanatie I-I:-\. .:I::: . b
Lk e ey FEEIr] ,.',n._ T
LT L b L iy e wrisira
Filsad Fee e sl sow e Deveerding AF b beg ik soirirees L2 a prvee s
e e AEDERER

[70]


https://developers.google.com/maps/documentation/geocoding/intro
https://developers.google.com/maps/documentation/geocoding/intro
https://developers.google.com/maps/documentation/geocoding/intro
https://developers.google.com/maps/documentation/geocoding/intro
https://developers.google.com/maps/documentation/geocoding/intro
https://developers.google.com/maps/documentation/geocoding/intro
https://developers.google.com/maps/documentation/geocoding/intro
https://developers.google.com/maps/documentation/geocoding/intro
https://developers.google.com/maps/documentation/geocoding/intro
https://developers.google.com/maps/documentation/geocoding/intro
https://developers.google.com/maps/documentation/geocoding/intro
https://developers.google.com/maps/documentation/geocoding/intro
https://developers.google.com/maps/documentation/geocoding/intro
https://developers.google.com/maps/documentation/geocoding/intro
https://developers.google.com/maps/documentation/geocoding/intro
https://developers.google.com/maps/documentation/geocoding/intro

Build an App to Find Underpriced Apartments Chapter 2

2. Click on GET STARTED in the upper right-hand corner. You'll next be
prompted to create a project. Give it any name you like:

¥ Enable Google Maps Platform

Steps to gel started

1. Pick a product
2. Select a project
3. Set up your billing

PMLE SE

BACK CANCEL MEXT

Creating a project

3. Then you will enable billing:

Enable billing for project "PMLE SE”

Yo are nal o adirinisteanes of any bilsg aceounts. To enable biling on thia
raject, create 4 new billing account or contact your bEling account adminstrator
i eniaoke Giling for pou. Legm mane

CAMCEL CREATE BILLING ACCOUNT
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4. Next, you will enable your API keys:

E* Enable Google Maps Platform

Enahle yoasr AP

This will enable 7 Google Maps Plasform AP} and create an AP ey
fowr your implementation

CANCEL  WERT

5. Once this is completed and you have your API keys, head back to the front page
to enable the Geolocation API. Click on APIs in the left-hand side pane:
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6. And then, under Unused APIs, click Geolocation API:
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Once all of this is complete, and you have your API keys, pip install Google Maps. That can
be done from your command line with pip install -U googlemaps.

Let's continue on now with this API in our Jupyter Notebook. We'll import our new
mapping API and test it out:

import googlemaps
gmaps = googlemaps.Client (key='YOUR_API_KEY GOES_HERE')

ta = df.loc[3,['address']] .values[0] + ' '\
+ df.loc[3, [ 'neighborhood']] .values[0].split (', ') [-1]

ta

The preceding code results in the following output:

['355 south End Avenue, Apt 4J Manhattan'|

Okay, so essentially, all we did in the final bit of code was to import and initialize our
googlemaps client, as well as use piece together from one of our apartments as usable
address. Let's now pass in that address to the Google Maps API:

geocode_result = gmaps.geocode (ta)

geocode_result
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The preceding code generates the following output:

{'long name': 'New York County',

'short_name': 'New York County',

'types': ['administrative area_level_2', 'political']},
{'long name': 'New York',

'short_name': 'NY',

'types': ['administrative area_level_1', 'political']},
{'long name': 'United States’,

'short_name': 'US’',

'types': ['country', 'political']},
{'long name': '10280', 'short_name': '10280', 'types': ['postal code']}],
'formatted_address': '355 South End Ave #4J, New York, NY 10280, USA',
'geometry': {'location': {'lat': 40.7109037, 'lng': -74.01662329999999},
'location_type': 'ROOFTOP',

'viewport': {'northeast': {'lat': 40.7122526802915,

'Ing': -74.01527431970848},

'southwest': {'lat': 40.7095547197085, 'lng': -74.01797228029149}}},

'place_id': 'Ei40SiwgMzUlIFNvdXRoOIEVuZCBBdmUsIE51dyBZb3JrLCBOWSAXMDI4MCwgVVNBIh4aHAOWChQKEgG
mlM--QGlrCiRHPztxnTZeHLhICNEoO',

'types': [ 'subpremise']}]

Remember, we are looking to extract just the ZIP code here. The ZIP code is embedded in
the JSON, but it will take a bit of work to extract due to the formatting of this response
JSON object. Let's do that now:

for piece in geocode_result[0] ['address_components']:
if 'postal_code' in piece|'types']
print (piece|['short_name'])

The preceding code results in the following output:
10280

It looks like we're getting the information we want. There is one caveat, however. Looking
deeper into the address column, we can see that occasionally, a full address is not given.
This will result in no ZIP code coming back. We'll just have to deal with that later. For now,
let's build a function to retrieve the ZIP codes that we can do as follows:

import re
def get_zip(row):
try:
addy = row['address'] + ' ' + row['neighborhood'].split(', ') [-1]
print (addy)
if re.match('~\d+\s\w', addy):
geocode_result = gmaps.geocode (addy)
for piece in geocode_result[0] ['address_components']:
if 'postal_code' in piece['types']:
return piece['short_name']
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else:
pass
else:
return np.nan
except:
return np.nan

df['zip'] = df.apply(get_zip, axis=1)
There's a fair bit of code in the preceding snippet, so let's talk about what's going on here.

First, at the bottom, you see that we are running an apply method on our DataFrame.
Because we have set axis=1, each row of the df DataFrame will be passed into our
function. Within the function, we are piecing together an address to call with the Google
Maps Geolocation API. We are using regex to limit our calls to only those that start with a
street number. We then iterate over the JSON response to parse out the ZIP code. If we find
a ZIP code, we return it, otherwise we return a np . nan, or null value. Note that this
function will take some time to run as we have to make many hundreds of calls and then
parse out the response.

Once that completes, we will have a DataFrame that now has the ZIP code for those
properties that had a proper address provided. Let's take a look and see how many that
actually is:

df[df['zip'] .notnull()].count ()

The preceding code generated the following output:

url 555
address 555
neighborhood 555
rent 555
beds 555
baths 555
zip 555
dtype: int64

So, we lost quite a bit of our data, but nevertheless, what we have now is more useful in
many ways, so we will continue on.
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First, since it takes so long to retrieve all the ZIP code data, let's now store what we have so
that we can always retrieve it later if necessary, and not have to make all those API calls
again. We do that with the following code:

df.to_csv('apts_with_zip.csv')

Let's also store just the data with the ZIP code information in a new DataFrame. We will
call that one zdf:

zdf = df[df['zip'] .notnull()].copy()
Finally, let's do an aggregation by ZIP code to see what the average rental price is by ZIP:
zdf_mean = zdf.groupby('zip')['rent'].mean() .to_frame('avg_rent')\

.sort_values (by='avg_rent', ascending=False) .reset_index()
zdf_mean

The preceding code generates the following output:

zip avg_rent
0 10069 7485.000000

1 10030 7347500000
10014 6615000000
10001 GO0C.000000
10013 5825000000
10282 537Y.500000
10012  5058.500000
10065 <H56.333333

10011 2923638384

&S & = & & = W MW

10038  £882.611111
10280 4852 250000

=k
=

We can see this jibes with our earlier finding that the Lincoln Center area had the highest
mean rental prices, since 10069 is in the Lincoln Center region.

Let's now move on to visualizing this information.
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Visualizing the data

Since this data is based on ZIP codes, the best way to visualize it is with a choropleth. If
you're unfamiliar with a choropleth, it's simply a visualization that represents the data
according to a color spectrum. Let's create one now using a Python mapping library called
foliunlathttps://github.com/python—visualization/foliunuIfyOleorfthavethunl
installed, again, it can be done with pip install on the command line.

Now we'll go ahead and create our visualization:

import folium
m = folium.Map(location=[40.748817, -73.985428], zoom_start=13)

m.choropleth (
geo_data=open ('nyc.json') .read(),
data=zdf_mean,
columns=['zip', 'avg_rent'],
key_on='feature.properties.postalCode',
fill_color='Y1lOrRd', £fill_opacity=0.7, line_opacity=0.2,
)

m
There's a lot going on here, so let's take it step by step:

1. After importing folium, we create a .Map () object. We need to pass in
coordinates and a zoom level to center the map. A Google search for the
coordinates of the Empire State Building will give us the proper lat and long (flip
the sign on the longitude to render it properly). Finally, adjust the zoom to get it
centered appropriately for our data.

2. The next line requires something called a GeoJSON file. This is an open format
for representing geographic attributes. This can be found by searching for NYC
Geo]SON files—specifically, ones with ZIP code mappings. Once that is done, we
reference the GeoJSON file by inputting its path.

3. Next, we reference our DataFrame in the data parameter. Here, we are using the
mean rent by ZIP code we created previously. The columns parameter references
those. The key_on parameter references the part of our JSON file that we are
targeting, in this instance, the postalCode.

4. Finally, the other options determine the color palette and certain other
parameters to adjust the legend and coloring.
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When the cell is run, the map should render inline in your Jupyter Notebook, as can be seen
in the following diagram:

With the heat map completed, you can begin to get a sense of which areas have higher or
lower rents. This could help when targeting a particular area, but let's take our analysis
deeper by using regression modeling.
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Modeling the data

Let's begin modeling by using our dataset. We're going to examine the effect that the ZIP
code and the number of bedrooms have on the rental price. We'll use two packages here:
the first, stat smodels, we introduced in chapter 1, The Python Machine Learning
Ecosystem, but the second, patsy,
https://patsy.readthedocs.org/en/latest/index.html, is a package that makes
working with statsmodels easier. Patsy allows you to use R-style formulas when running
a regression. Let's do that now:

import patsy

import statsmodels.api as sm

f = 'rent ~ zip + beds'
y, X = patsy.dmatrices(f, zdf, return_type='dataframe')

results = sm.OLS(y, X).fit()
results.summary ()

The preceding code generates the following output:

OLSE Regrassion Fesut

Dep. Yariable: rent R-squared:; 0.447F
Modet aLs Ay R-squared: LL2EF
Meihod Least Bquanss F-utatiatic: 5.587
Date:  Sun, 22 A1 2018 Prob [F-statistic]: 28017
Tirne: 232257 Log-Likelibood: -4770.2
Ma. Observations: 555 B Hoag
D Rl uaks: 45 B 985

O Woies; il

Cowaranca Typs: raoverbn et

coet  sbd e it Pali] [GuEs 0875

Imlercapl 17385805 S84.816. S0TS QOOR  BAR4SR  MMTERD
opfTOTad] 60111 FI8535  QEBE QR0 -TesOEd 2197108
Eip{T10001] 38165381 1513657 2257 D024 447388 EIG0.E38
BpTAM00E] 11258781 &SE024 1727 QUEES . -ISRAT 240728
Eip{T10003] 11321297 654810 1.TTH QOTE 124337 24BE 535
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Note that the preceding output is truncated.
With those few lines of code, we have just run our first machine learning algorithm.

While most people don't tend to think of linear regression as machine
learning, that's exactly what it is. Linear regression is a type of supervised
machine learning. Supervised, in this context, simply means we provide
the output values for our training set.

Let's now unpack what happened there. After our imports, we have two lines that relate to
the pat sy module. The first line is the formula we will be using. On the left-hand side
(before the tilde) is our response, or dependent, variable, rent. On the right-hand side, we
have our independent, or predictor, variables, zip and beds. This formula simply means
we want to know how the ZIP code and the number of bedrooms will affect the rental
price.

Our formula is then passed into patsy.dmatrices () along with our DataFrame
containing corresponding column names. Patsy is then set to return a DataFrame with our
X matrix of predictor variables and a y vector with our response variable. These are then
passed into sm.OLS (), on which we also call . fit () to run our model. Finally, we print
out the results of the model.

As you can see, there is a lot of information provided in the resulting output. Let's begin by
looking at the topmost section. We see that the model included 555 observations, that it has
an adjusted R® of .367, and that it is significant with an F-statistic probability of
3.50e-31. What is the significance of this? It means that we have created a model that is
able to explain about a third of the variance in price using just bedrooms and ZIP code. Is
this a good result? In order to better answer that, let's now look at the center section of the
output.

The center section provides us with information on each of the independent variables in
our model. From left to right, we see the following: the variable, the variable's coefficient in
the model, the standard error, the t-statistic, the p-value for the ¢-statistic, and a 95%
confidence interval.

What does all of this tell us? If we look at the p-value column, we can determine whether
our individual variables are statistically significant. Statistically significant in a regression
model means that the relationship between an independent variable and a response
variable is unlikely to have occurred by chance. Typically, statisticians use a p-value of .05
when determining this. A .05 p-value means that the results we see would occur by chance
only 5% of the time. In terms of our output here, the number of bedrooms is clearly
significant. What about the ZIP codes?
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The first thing to notice here is that our intercept represents the 07302 ZIP code. When
modeling a linear regression, an intercept is needed. The intercept is simply where the
regression line meets the y axis. Statsmodels will automatically select one of the predictor
variables to use as the intercept. Here it decided on Jersey City, 07302, since it organized the
ZIP codes in ascending order. We can confirm this by examining the data as follows:

X

The preceding code generates the following output:

Intercept zip[T.07310] zip[T.10001] =zip[T.10002] =zip[T.10003] =zip[T.10004] =zip[T.10005] zip[T.10009] =zip[T.10010]

3 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
5 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
6 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
7 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
12 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
13 1.0 0.0 0.0 0.0 1.0 0.0 0.0 0.0 0.0
15 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
22 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
24 1.0 0.0 0.0 1.0 0.0 0.0 0.0 0.0 0.0
29 1.0 0.0 0.0 1.0 0.0 0.0 0.0 0.0 0.0
30 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Notice that they are in ascending order, and if we look at the sorted ZIP code values in our
DataFrame, we see the same with the exception of the missing ZIP 07302, which is now our
baseline against which all the others will be compared.

Looking at our results output again, we notice that some ZIP codes are highly significant
and others are not. Let's look at our old friend, the Lincoln Center neighborhood, or 10069.
If you remember, it was the area with the highest rents in our sample. We would expect
that it would be significant and have a large positive coefficient when compared to the
baseline of Jersey City, and, in fact, it does. The p-value is 0.000, and the coefficient is 4116.
This means that you can expect the rent to be significantly higher near Lincoln Center,
compared to an equivalent apartment in Jersey City—no surprise there.

Let's now use our model to make a number of forecasts.
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Forecasting

Let's say we've decided from our prior analysis that we are interested in three particular
ZIP codes: 10002, 10003, and 10009. How can we use our model to determine what we
should pay for a given apartment? Let's now take a look.

First, we need to know what the inputs into the model looked like so that we know how to
enter a new set of values. Let's take a look at our X matrix:

X.head()

The preceding code generates the following output:

Intercept zip[T.07310] zip[T.10001] zip[T.10002] =zip[T.10003] zip[T.10004] zip[T.10005] =zip[T.10009] zip[T.10010]

3 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
5 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
6 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
7 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
12 1.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

What we see is that our input is coded with what are called dummy variables. To represent
a ZIP code feature, since it is not numerical, dummy coding is used. If the apartment is in
10003, then that column will be coded as 1, while all other ZIP codes are coded as 0. Beds
will be coded according to the actual number since they are numerical. So let's now create
our own input row to predict:

to_pred_idx = X.iloc[0].index

to_pred_zeros = np.zeros(len(to_pred_idx))
tpdf = pd.DataFrame (to_pred_zeros, index=to_pred_idx, columns=['value'])

tpdf
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The preceding code generates the following output:

Vil

intercept 0.0
z2ip[T.07310] 0.0
zip[T.10001] 0.0
Zip[T.10002] 0.0
2ip(T.10003] 0.0
zip[T.10004] 0.0
zip[T.10005] 0.0
zip[T.10008] 0.0
zip[T.10040] 0.0
zip[T.10011] 0.0
zip[T.10042] 0.0

We have just used the index from the X matrix and filled in the data with all zeros. Let's
now fill in our values. We are going to price a one-bedroom apartment in the 10009 area

code:

tpdf.loc['Intercept'] =1
tpdf.loc['beds'] =1
tpdf.loc['zip[T.10009]'] =1

tpdf

The intercept value for a linear regression must always be set to 1 for the

model in order to return accurate statistical values.
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The preceding code generates the following output:

value

Intercept 1.0
zip[T.07310] 0.0
zip[T.10001] 0.0
zip[T.10002] 0.0
zip[T.10003] 0.0
zip[T.10004] 0.0
zip[T.10005] 0.0
zip[T.10009] 1.0
zip[T.10010] 0.0
zip[T.10011] 0.0
zip[T.10012] 0.0

We have set our features to the appropriate values, so let's now use our model to return a
prediction. We'll need to convert it to a DataFrame and transpose it in order to get the
correct format. We do this as follows:

results.predict (tpdf['value'] .to_frame() .T)

The preceding code generates the following output:

value 3203.660719
dtype: float64

You will recall that results was the variable name we saved our model to. That model
object has a .predict () method, which we call with our input values. And, as you can
see, the model returns a predicted value.
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What if we want to add another bedroom? We can do it as follows:

1. Let's change our inputs and see:
tpdf['value'] = 0
tpdf.loc['Intercept'] =1
tpdf.loc['beds'] = 2
tpdf.loc['zip[T.10009]'] =1

2. Then we'll run the prediction again:

results.predict (tpdf['value'] .to_£frame() .T)

The preceding code generates the following output:

value J0B8,5321449
ditype: floatéd

3. It looks like that extra bedroom will cost us about $800 more a month. But what if
we choose 10069 instead? Lets change our input and see:

tpdf['value'] = 0

tpdf.loc['Intercept'] =1

tpdf.loc['beds'] = 2
tpdf.loc['zip[T.10069]'] =1
results.predict (tpdf['value'] .to_frame().T)

The preceding code generates the following output:

value 7485.0
dtype: floaté64

According to our model, two bedrooms in the Lincoln Center area is going to cost a pretty
penny compared to the East Village.
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Extending the model

At this point, we have only examined the relationship between the ZIP code, bedrooms,
and rental price. And while our model had some explanatory benefit, we had a minimal
dataset and far too few features to adequately examine the complex world of real estate
valuation.

Fortunately, however, if we were to add more data and features to the model, we could use
the exact same framework to expand our analysis.

Some possible future extensions to explore would be utilizing data for restaurants and bars
available from APIs such as Foursquare or Yelp, or walkability and transportation-
proximity measures from providers such as Walk Score.

There are a number of ways to extend the model, and I suggest if you do pursue working
on a project such as this that you explore a variety of measures. More data is released every
day and, with it, models can only improve.

Summary

In this chapter, we learned how to acquire data on real estate listings, how to utilize the
functionality of pandas to manipulate and sanitize that data, how to inspect the data
visually with choropleths, and finally, how to build and use regression modeling to price
out an apartment.

At this point, we have just touched the surface of machine learning. In the chapters that
follow, we'll go further into how to evaluate the quality of our model, and we'll also learn
how to turn them into full-scale solutions.

[86]



Build an App to Find Cheap
Airfares

Let's talk about mistakes. They're part of life; everyone makes them—even airlines.

In 2014, T happened to be reading my Twitter feed one afternoon when one of the accounts I
follow tweeted that a major US airline had fares to Europe that were significantly below
what would be expected. At the time, the cheapest fare from New York to Vienna was
around $800, but the advertised fares for a select number of dates were between $350 and
$450. This seemed too good to be true. But it wasn't. I had lucked upon what's known in the
industry as a mistake fare.

In the super-secretive society of travel hackers and mileage junkies, it's well-known that
airlines occasionally—and accidentally—post fares that exclude fuel surcharges. And
remarkably, this isn't the only type of mistake they make. You might expect advanced
algorithms would be updating fares for each flight, taking into account an enormous
number of factors. And for the most part, you'd be right. But due to legacy systems and the
complexity of dealing with multiple carriers and multiple jurisdictions, mistakes do
sometimes occur.

Here is a list of some of these more recent mistake fares:

¢ In 2007, United Airlines sold business fare tickets from San Francisco to New
Zealand for $1,500

e In 2013, Delta sold economy fare tickets from multiple US cities to Hawaii for
$6.90

e In 2015, American Airlines sold business class fares to China from Washington,
DC for $450
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Now that you know these fares exist, how can you get in on them? Machine learning, of
course! Since they typically last just a few hours before they disappear, we're going to build
an application that continually monitors fare pricing, checking for anomalous prices that
will generate an alert we can quickly act on.

Here's what we'll cover in this chapter:

¢ Sourcing airfare pricing on the web

Retrieving fare data with advanced web scraping techniques

Parsing the DOM to extract prices

Identifying outlier fares with anomaly detection techniques

Sending real-time text alerts with IFTTT

Sourcing airfare pricing data

Fortunately, sourcing airfare data is somewhat easier that real estate data. There are a
number of providers of this data, as well as paid and unpaid APIs. One challenging aspect
of retrieving the data is that it requires a number of web requests. In the previous edition of
this book, we outlined how to scrape data from Google's Flight Explorer page. This was the
ideal presentation for seeing weeks of pricing data on one page for multiple cities.
Unfortunately, that page has now been removed, and Google now provides a more typical
search interface that requires the user to input the departure city, the destination city, start
date, and end date. One fortunate feature that remains is the ability to input an entire
region rather than a specific city. We'll make use of this in our scraping. An example of this
can be seen in the following screenshot:
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As you can see, we have input New York as our departure city and simply put Asia as our
destination. This returns pricing for all the top cities in Asia (as well as the Middle East, for
some reason). This is great news as we want to capture as many prices in one web request
as possible.

While the interface still has some features that make it easier to scrape this data, we'll need
to use some more advanced techniques than we've used in the past. We'll discuss that next.

Retrieving fare data with advanced web
scraping

In previous chapters, we've seen how to use the Requests library to retrieve web pages. As
I've said before, it is a fantastic tool, but unfortunately, it won't work for us here. The page
we want to scrape is entirely AJAX-based. Asynchronous JavaScript (AJAX) is a method
for retrieving data from a server without having to reload the page. What this means for us
is that we'll need to use a browser to retrieve the data. While that might sound like it would
require an enormous amount of overhead, there are two libraries that, when used together,
make it a lightweight task.
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The two libraries are Selenium and ChromeDriver. Selenium is a powerful tool for
automating web browsers, and ChromeDriver is a browser. Why use ChromeDriver rather
than Firefox or Chrome itself? ChromeDriver is what's known as a headless browser. This
means it has no user interface. This keeps it lean, making it ideal for what we're trying to
do.

To install ChromeDriver, you can download the binaries or source from
https://sites.google.com/a/chromium.org/chromedriver/downloads.
As for Selenium, it can be pip installed.

We'll also need another library called Beaut i fulSoup to parse the data from the page. If
you don't have that installed, you should pip install that now as well.

With that done, let's get started. We'll start out within the Jupyter Notebook. This works
best for exploratory analysis. Later, when we've completed our exploration, we'll move on
to working in a text editor for the code we want to deploy. This is done in following steps:

1. First, we import our routine libraries, as shown in the following code snippet:

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
$matplotlib inline

2. Next, make sure you have installed BeautifulSoup and Selenium, and
downloaded ChromeDriver, as mentioned previously. We'll import those now
in a new cell:

from bs4 import BeautifulSoup
from selenium import webdriver

# replace this with the path of where you downloaded chromedriver
chromedriver_path = "/Users/alexcombs/Downloads/chromedriver"

browser = webdriver.Chrome (chromedriver_ path)

Notice that I have referenced the path on my machine where I have downloaded
ChromeDriver. Note that you will have to replace that line with the path on your
own machine.
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Creating a link

Now, remarkably, we have everything we need to begin our airline fare scraping, with one
exception: we need the URL. For this exercise, I'm going to focus on flights leaving from
NYC and flying to Europe. Since we don't want to pull down massive quantities of data
and risk being blocked, we are going to just pull data for non-stop flights that depart on
Saturday and return on the following Saturday. You are, of course, free to change this to
whatever fares you'd like to target, but we'll use this for our sample project.

The next step is to fill out the form in Google Flights. Make sure to choose a future date.
Once you have input your data and hit Search, copy the URL string from your browser bar,
as seen in the following screenshot:
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The URL I copied is for flights that depart on 2018-12-01 and return on 2018-12-08.
Those dates can be seen in the search string. If you choose different dates, you should see
those reflected in the string you copy. Let's code this now:

1.

Let's input that string and save it as the variable sats, as seen in the following
block of code:
sats =
'https://www.google.com/flights/f=0#f=0&flt=/m/02_286.r/m/02j9z.201
8-12-01*r/m/023j9z./m/02_286.2018-12-08;c:USD;e:1;s:0*1;sd:1;t:e’

Next, we'll test that we can successfully retrieve the content that we see on the
page. We'll test that with the following line of code, which utilizes selenium:

browser.get (sats)

That one line of code was all we needed to retrieve the page. We can validate that
this was successful with a couple of additional lines of code.

First, let's check the title of the page:

browser.title

The resulting output can be seen as follows:

'Google Flights'

It looks like we were able to get the correct page. Let's now check to see whether we
captured everything we were seeking. We can do that by taking a screenshot of the page.
We do that with the following line of code:

browser.save_screenshot (' /Users/alexcombs/Desktop/test_flights.png')
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Again, the path I used to save the screenshot was based on my machine; you will need to
reference a path on your own machine. As you should see based on the following output,
we were able to successfully get all the content of the page:
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Since we appear to have all the page data we were seeking, we will now move on to how to
pull individual data points from the page. To do that, first, we'll need to learn about the
Document Object Model (DOM).

Parsing the DOM to extract pricing data

The DOM is the collection of elements that comprise a web page. It includes HTML tags
such as body and div, as well as the classes and IDs embedded within these tags.
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Let's take a look at the DOM for our Google page:

1. To see it, right-click on the page and click on Inspect. This should be the same for
Firefox or Chrome. This will open the developer tab that allows you to see the
page source information, as demonstrated in the following screenshot:
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2. Once this is open, choose the element selector in the upper left-hand corner, and
click on an element to jump to that element in the page source code:
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3. The element that we are concerned with is the box that contains the flight
information. This can be seen in the following screenshot:
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If you look closely at the element, you will notice that it is an element called a
div. This div has an attribute called class. The is a long string of random
numbers and letters in this class, but you will also notice that it contains the
string info-container. We can use this information to retrieve all the div
elements that have flight information for each city. We'll do that in a minute, but
for now, let's discuss the parsing process.

Parsing

To begin our parsing, we will need to use the library we mentioned earlier called
BeautifulSoup. We imported it earlier, so now we just need to pass the page source into
BeautifulSoup. We do that by means of the following code:

soup = BeautifulSoup (browser.page_source, "html51ib")
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Notice that the browser object contains a page_source attribute. That is all the HTML we
retrieved with our get request earlier. The other parameter passed into BeautifulSoup is
the parsing library it will use. Here, we will stick with htm151ib.

Now, once the content of the page has been passed to BeautifulSoup, we want to start to
extract the elements of interest. That's where the div elements with the info-container
class come in. We are going to retrieve those. Each one corresponds to a single city.

Let's retrieve them, but we'll just look at the first one:

cards = soup.select('div[class*=info-container]')
cards[0]

The output for the preceding code is shown as follows:

wdiv slagp="peeAPtIXrOR_ info—contsiner "=<hl clasp="grphPtlEz0A_ titls aris-punctusticn-saits
7 jeam="7 . aeEArtINCOR  bitle,?.aria-papstudtion-aleee” jetsashe="53723"rLondoEs /hiz><div jatca
che="5724" styla="displayvinons"></div><destinaticn-price=surnary jstcache="5%725%"><divy oclans
="t kazVEBDL__ firet-flight-ctow tDikazVERD]_ flight-row™ jean="T7,t0SkaszVERDL firet-Elight-ra
W, t—2-BAILCY Tw, 7_cD0kasVERD] _ Flight-—pow, 21 dsae” jatcache="5731"s<apas clans="gua-Elighets
allipaipe“><apan olaps="aria=ponotoation=afoar® jsan="7.arla=punctuscioa=-after,t=cIAViIANthak,
Z1.3=8c” jetcache="5736 "=Resstope/ span==pan class="t0%kac¥ERDL timimg® {ean="7.t09kazVERDL
_kiming, t-H0GOR4EH-EA " ipteacka="57317" atyle=""»<apan aria-hiddan="trua'> » CSppareCapan jake
mobme 57457260 30m< fapans</span<span jstcachpe"S7308° style=‘digplay:=one’></spans</span><epa
n class="tDERATZVERD] _ price aris-punotustion-sfesr tDSkszVERD] _ cheapeat-price” jean="T.tD%ka
FVERDL_ prloa, Y.arla-punstuation-aftar, 1.c05kasVERD]_ chaspeat-poice” Jetcache="5731"»<jal j=
tracme="5740" styles®">£331</{gl><igl jetcache="5741° sbylo="display!mose”=</{elz</apans</div
iy oclans="tDokazVERDP] flight-row” dsan="tez=-bAT1C7=Tw,7.tD5kazVERDL flight-row,21.3sac”
fntoasha="9711"<npan clasp="gwu-flights allipriza"=ppin claps="aris-punstuatiac-nEtac” ina
ns"7T.aria-punctoatlon=afeat, b=FhACH 1oy, 21. jsec” jstcache= 5736 "»Comnectlngs/ span=<span jat
cache="5737" styles"displayinone ></span><apan Jstoache="5738° styles displayinone” ><fspan><
span><apan clap=="t0S5kazVERD]_ price aris-poactuation-after” jean="T,.t0YkazVERDL _ price, T, ari
s-pusgstostiop-aftar” jobsecha="5710"r<ial jetosckaa"S5740" abyla=""=440</jal><ial jetcache="%
TE1" styles"dipplayinona”></jsla</span><fdiv=cidestination=price=-sumnary=</div>

In the preceding code, we used the select method on our soup object. The select method
allows us to use CSS selectors to reference the elements of interest. Here, we have specified
that we want divs that have a c1ass attribute that contains somewhere within the class
name the string info-container. There is excellent documentation on BeautifulSoup that

explains these CSS selectors and other methods, and is available at https://www.crummy.
com/software/BeautifulSoup/bs4/doc/#css—-selectors.
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Looking at the preceding output, notice that buried deep within the markup, there is the
name of the destination city (London) and the fare price ($440). Since we just want the data
and not all the surrounding markup, we'll need to create code to iterate over each info-
container divs and pull out the city and the fare:

for card in cards:
print (card.select ('h3') [0] .text)
print (card.select ('span[class*=price] ') [0].text)
print ('\n')

The preceding code results in the following output:

London
$331

Paris
$319

Rome
$406

Reykjavik
$360

Barcelona
$370

Since it looks as if we were able to successfully retrieve the fares for each city, let's now
move on to constructing a full scrape and parse for a large number of fares.

We are now going to attempt to retrieve the lowest cost, non-stop fares from NYC to
Europe for a 26-week period. I'm using a start date of December 01, 2018, but obviously, if
you are reading this after that date, make sure to adjust your dates accordingly.

The first thing we'll need is to bring in some additional imports. We do that in the following
code:

from datetime import date, timedelta
from time import sleep
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Next, we'll construct the remainder of our scraping code:

start_sat = '2018-12-01'
end_sat = '2018-12-08'

start_sat_date = datetime.strptime(start_sat, '$Y-%m-%d')
end_sat_date = datetime.strptime (end_sat, '%Y-%m-%d')

fare_dict = {}

for i in range(26):

sat_start = str(start_sat_date) .split () [0]

sat_end = str(end_sat_date) .split () [0]

fare_dict.update ({sat_start: {}})

sats =
"https://www.google.com/flights/?f=0#£f=0&£f1t=/m/02_286.r/m/02j9z." + \

sat_start + "*r/m/02j9z./m/02_286." + \

sat_end + ";c:USD;e:1;s:0*%1;sd:1;t:e"

sleep (np.random.randint (3, 7))

browser.get (sats)
soup = BeautifulSoup (browser.page_source, "html51lib")
cards = soup.select('div[class*=info-container]')
for card in cards:
city = card.select ('h3') [0].text
fare = card.select('span[class*=price]"') [0].text
fare_dict[sat_start] = {**fare_dict[sat_start], **{city: fare}}
start_sat_date = start_sat_date + timedelta(days=7)
end_sat_date = end_sat_date + timedelta (days=7)

That's a fair amount of code, so we'll unpack what is going on line by line. The first two
lines just create our start and end dates that we'll use. The next two lines convert those date
strings into datet ime objects. This will be used later on when we want to add a week to
each using t imedelta. The last line before the for loop simply creates a dictionary that
will hold our parsed data.

The next line begins a for loop. Inside this loop that will run 26 iterations, we convert our
datetime object back into a string so that we can pass it into the URL that we will call with
our browser object. Also, notice that on each iteration we populate our fare dictionary with
the start date. We then create our URL using the date strings we created.

Next, we insert a random pause using the numpy . random function and the Python sleep
function. This is simply to prevent us from appearing to be a bot and overtaxing the site.
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We then retrieve the page with our browser object, pass it into BeautifulSoup for parsing,
select the info-container divs, and then parse and update our fare dictionary. Finally,

we add one week to our start and end dates so that the next iteration goes one week
forward in time.

Now, let's look at the data in our fare dictionary:

fare_dict

The preceding code results in the following output:

{'201A=-12-01"': {'Londan': '$331°',
'Paria‘: "$319°',
‘Rome”: "3406',
"Reykjavik ' : "5360°
'Barcelona’': '53170°;
"Amaterdam': '$353',
'‘Madrid':s '33el’',
"Dublin': '$483°',
"Athens': '51,016°,
'Milan®: "353537',
'Lisbon': 'seed’',
'Frankfurt': '5722',
'"Mogcow': 'S568',
"Barlin': '51,248°,
‘Istanbul 'z 'SHHEY',
'Capenhagen’: '%575°,
"Eiirich': '3520',
"Munich': '§1,017°,
'Manchester': 'S$BEE",

As you can see, we have a dictionary with date as the primary key, and then sub
dictionaries with city/fare pairings.
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Now, let's dive into one city to examine the data. We'll begin with Berlin:
city_key = 'Berlin'
for key in fare_dict:

print (key, fare_dict[key] [city_key])

The preceding code results in the following output:

2018=-12-01 %1,248
2018-12-08 §1,249
2018=-12=-15 %1,248
2018-12-22 51,643
2018-12-2% %1,408
2019-01-05 %£1,408
2019-01-12 $1,323
2019-01-1% 51,2448
2019-01-26 %1,248
2019=02-02 51,248
2019-02-0% 51,248
2019=-02=-16 51,244
2019-02-23 51,248
2019-03-02 51,244
2019-03-09% %1,248
2019=03=16 $1,248
2019-03-23 %1,248
2019=-03-30 §1,248
2019-04-06 %1,308

One thing we notice right away is that we'll need to clean up the airfares so that we can
work with them. We'll need to remove the dollar sign and the commas and convert them
into integers. We do that in the following code:

city dict = {}
for k,v in fare_dict.items():
city_dict.update ({k:int (v[city_key].replace(',','"').split('$"')[1])})
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The preceding code results in the following output:

{'201B8=12-01": 1248,
'Z01B-12-08": 1248,
'2018=12=15": 1248,
'201B-12-22": 1643,
"2018-12-29°: 1408,
'2018-01-05": 1408,
‘2019=01=12": 1323,
'2019=01=19": 1248,
"2019-01-26"¢ 1248,
'2019=02=02": 1248,
'2019-02-0%": 1243,
'2019=02-16": 1248,
'2018-02-23": 1248,
'2019=03-02": 1248,
'2019=03=09": 1248,
'2019-03-16"1 1248,
'2018=03=23": 1248,
'2019-03-30°: 1243,
"2019=04=06": 1308,

Remember, the output shown in the preceding code is only for Berlin, as we are just

examining one city at the moment.

Now, let's plot that data:

prices = [int (x) for x in city_dict.values()]
dates = city_dict.keys()

fig,ax = plt.subplots(figsize=(10,6))

plt.scatter (dates, prices, color='black',6 s=50)

ax.set_xticklabels (dates, rotation=-70);
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The preceding code generates the following output:
]
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Notice that we have 26 consecutive weeks of data, in this case, for non-stop flights from
NYC to Berlin leaving on Saturday and returning the following Saturday. There appears to
be a fair amount of variation in these fares. Just eyeballing the data, it appears that there
might be two outliers on the high end toward the beginning of the period and the end.

Now, let's take a look at another city. To do this, we simply need to return to our code and
change the city_key variable. We can then rerun the cells below it. We'll do that in the

following code:

city_key = 'Milan'
for key in fare_dict:
print (key, fare_dict[key] [city_key])
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This results in the following output:

2018-12-01 §557
2018-12-08 §557
2018-12-15 5557
2018-12-22 §1,072
2018-12-29 51,221
2019-01-05 §1,003
2019-01-12 £1,003
2019-01-19 $938
2019-01-26 5938
2019-02-02 5938
2019-02-09 £938
2019-02-16 5938
2019-02-23 £938
2019-03-02 5938
2019-03-09 $938
2019-03-16 5938
2019-03-23 5938
2019-03-30 £938

We'll need to remove the dollar sign and the commas and convert them into integers. We
do that in the following code:

city_dict = {}

for k,v in fare_dict.items():

city_dict.update ({k:int (v[city_key] .replace(',"',"'"').split('$"') [1])})

city_dict
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The preceding code results in the following output:

{'2018-12-01"': 557,
'2018-12-08"': 557,
'2018-12-15": 557,
'2018-12-22": 1072,
'2018-12-29"': 1221,
'2019-01-05": 1003,
'2019-01-12": 1003,
'2019-01-19': 938,
'2019-01-26"': 938,
'2019-02-02"': 938,
'2019-02-09"': 938,
'2019-02-16"': 938,
'2019-02-23"': 938,
'2019-03-02"': 938,
'2019-03-09"': 938,
'2019-03-16": 938,
'2019-03-23"': 938,
'2019-03-30"': 938,

Now, let's plot that data:
prices = [int(x) for x in city_dict.values()]

dates = city_dict.keys()

fig,ax = plt.subplots (figsize=(10,6))
plt.scatter (dates, prices, color='black',6K s=50)
ax.set_xticklabels (dates, rotation=-70);
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The preceding code results in the following output:

1200 A1

1100 A

1000 A L
L]
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900 1
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700 1

600

Here, we can see even wider variations, with fares ranging from under $600 to over $1,200.
Those cheap fares on the left are exactly the type of fares we'd like to know about. We are
going to want to create an outlier detection system that will tell us about these bargain
fares. We'll move on and discuss that now.

Identifying outlier fares with anomaly
detection techniques

There are various rigorous definitions of outliers, but for our purposes, an outlier is any
extreme value that is far from the other observations in the dataset. There are numerous
techniques, both parametric and non-parametric, that are used to identify outliers; example
algorithms include density-based spatial clustering of applications with

noise (DBSCAN)), isolation forests, and Grubbs' Test. Typically, the type of data determines
the type of algorithm that is used. For example, some algorithms do better on multivariate
data than univariate data. Here, we are dealing with univariate time-series data, so we'll
want to choose an algorithm that handles that well.
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If you aren't familiar with the term time series, it simply means data that is
recorded at regular intervals, such as the daily closing price of a stock.

The algorithm that we are going to use for our data is called Generalized Extreme
Studentized Deviate (Generalized ESD) test for outliers. This algorithm is well suited for
our data, since it is univariate and approximately normal.

There are several tests we can use to ensure that our data is approximately normally
distributed, but we can also visually inspect our data for normality using a normal
probability plot. We'll do that now for Moscow city data using some functionality from the
SciPy library:

from scipy import stats

fix, ax = plt.subplots(figsize=(10,6))
stats.probplot (1list (city_dict.values()), plot=plt)
plt.show()

The preceding code generates the following output:
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When assessing a normal probability or quantile-quantile (Q-Q) plot, we are looking for
the data to be as close to the straight line as possible to reveal normality. Data that veers off
in one direction or another, or with a strong S shape, argues against normal data. Here, we
have a fairly low number of data points, and those that we do have are fairly balanced
around the diagonal. If we had more data, it is likely that we would more closely
approximate the diagonal. This should work well enough for our purposes.

We'll now move on to our outlier detection code. We are going to be utilizing another
library for this called PyAst ronomy. If you don't have it, it can easily be pip installed.

Let's look at the code:

from PyAstronomy import pyasl
r = pyasl.generalizedESD (prices, 3, 0.025, fullOutput=True)
print ('Total Outliers:', r[0])

out_dates = {}
for i in sorted(r[1]):
out_dates.update ({list (dates) [i]: list (prices) [i]})

print ('Outlier Dates', out_dates.keys(), '\n')
print (' R Lambda')

for i in range(len(r[2])):
print ('%$2d %8.5f %8.5f' % ((i+l1l), r[2][i], r[3][i]))

fig, ax = plt.subplots(figsize=(10,6))
plt.scatter (dates, prices, color='black',6K s=50)
ax.set_xticklabels (dates, rotation=-70);

for i in range(r[0]):
plt.plot(r[1][i], prices[r[1][i]], 'rp')

Let's discuss what the preceding code does. The first line is simply our import. Following
that, we implement our generalized ESD algorithm. The parameters are our fare prices,
then the maximum number of outliers (here, we chose 3), the significance level (alpha, at
0.025), and finally a Boolean to specify that we want the full output. With respect to the
significance level, the lower the value, the less sensitive the algorithm and the fewer false
positives will be generated.

The next two lines simply print out data related to the R and Lambda values. These are
utilized in the determination of whether a data point is an outlier.
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Finally, the remainder of the code is simply for generating the scatter plot and coloring
those fares that are outliers red.

The preceding code generates the following output:
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Again, this data is for Moscow. Make sure you changed your city_key variable to reflect
that to ensure you get that data. Notice that despite all the variations, there are no outliers
in the data.
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Now, let's run it for Milan as well. We'll go back up and change our city_key variable and
run the cells below that to update everything, as demonstrated in the following diagram:

Total Outliers: 3
outlier DPates dict keys(['2018-12-01', "2008-132-908°, "2018-12-15"1)
R Lambcia
I 2.514%s  2.%8%6E6
z 296716 2. 946529
3 3.80581 2.9437H
-
L33
1104
.
1048 L
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]
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. e 8
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BLheSERREERRTRERRREREERERRRRYN
ER Y9 B0 RBEESSLR 2uBtBRUBEOEERY

Notice that this time, we have three outliers, and these are fares that are under $600 when
the mean fare looks to be over $900, so this looks like a win for us.
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Let's try another city. This time, we'll look at Athens by updating the city_key variable

and running the subsequent cells:

Total Jutliersa: 3

Cutlier Dates dict keys([ '2018-12-28°, '2019-01-05', "Z2019-05-25'])
R Lambda
1 3.%3883 Z2.98564
2 3.3575E 2.96529
3 4.85316 2.94374
1500 4 &
1406 1
uuni
| . ®
1200 1
1106 4 o
L ] L]
s L B ] " 8 & ® &8 8 B B B B BB BB BB W BN
R LR R LR R R R R R R R R R R R R R
B EE AL REEESEAREEES AR EEEEERE BN E
B R R EREEEEEEEEE AR EEE R A R
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Notice that again, we have three outliers, but that this time, they are extreme fares to the
upside. Since we are only interested in getting alerts for cheap fares, we can build in a
mechanism to only alert us when the fare outlier is less than the mean fare.

Now, we'll now create some code to handle this element:

city mean = np.mean(list (city_dict.values()))

for k,v in out_dates.items():
if v < city_mean:

print ('Alert for', city_key + '!')
print ('Fare: $' + str(v), 'on', k)
print ('\n"')

When we run the code for Athens, it will generate no output. When run for Milan, it
generates the following output:

Alert for Milanl
Fare: 5557 on Z2018=12=0{1

Alert for Milanl
Parey 5557 on 2018-=-12-08

glert for Milani
Farer 5557 on Z018=-12=15

So, now, we have created a system to scrape the data, parse it, and identify the outliers.
Let's move on and create a fully-fledged application that can alert us in real time.

Keep in mind that we just did a very preliminary analysis on our outlier
detection model. In the real world, it would likely take a much more
thorough series of tests to identify whether we had selected workable
parameters for our model.
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Sending real-time alerts using IFTTT

To have a chance at getting these cheap fares, we're going to need to know in nearly real
time when they happen. To accomplish this, we'll use a service called If This Then That
(IFTTT). This free service allows you to connect a huge number of services with a series of
triggers and actions. Want to save as many pictures as you like on Instagram to your
iPhone photos? Want to get an email every time a particular person tweets? Want your
Facebook updates posted to Twitter? IFTTT can do all of this. Go through the following
steps:

1. The first step is to sign up for an account at http://www.ifttt.com.

2. Once you've done that, you'll need to sign up for the Maker channel,
https://ifttt.com/maker_webhooks, and the SMS channel, https://ifttt.com/
sms.

3. Maker allows you to create IFTTT recipes by sending and receiving HTTP
requests.

4. Once you've created an account and activated the Maker and SMS channels, click
My Applets from the home page, and then click New Applet:

Applets Services

New Applet

Q

5. Then, click on this, as shown in the following screenshot:

New Applet

if Bthis then that



https://ifttt.com/
https://ifttt.com/maker_webhooks
https://ifttt.com/sms
https://ifttt.com/sms
https://ifttt.com/sms
https://ifttt.com/sms
https://ifttt.com/sms
https://ifttt.com/sms
https://ifttt.com/sms
https://ifttt.com/sms
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6. Then, search for webhooks and click Receive a web request:

Ricaive o vl Fagud il

7. Then, we'll create an event called cheap_fares:

Complete trigger fields

Receive a web reguesi

Event Bame

| cheap fares |
e e e o st

Create trigger
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8. Once you fill out the event name, click Create trigger. Next, we'll set up the
+that:

if I then Bthat

9. Click that, and then search for sMS and select it:

Choose action service

Q sms

®©® m =m

Ancirosd SIS Ok 5o el SWES
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Then, choose Send me an SMS:

n Choose action

Send ma an SMS

This Aciiin mill geng an

10. After that, we'll customize our message:

n Complete action fields

=1L R R ALY -

Send me an SMS

Thad At an will fao wn 305 10 you menkili
[ERIETITH

Mesaag=

& |r||'i!.!k|:_ Tare to [[Walue 1) for
[[WValue2]}
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Once this is complete, click on Finish to wrap-up the setup:

B

If Maker Event
"cheap_fares”, then Send
me &n 55 st 5551212

ENOnyImous

Reocaive nosifications

when this Applet runs

To test the setup, go to http://www.ifttt.com/maker_webhooks and click on Settings. You
should see your account information that includes a URL with a secret key. Copy and paste
that URL into your browser. It should have a form with your secret key and a place to fill in
the values that correspond to your city and price.
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Fill in cheap_fares for event, and place the city and fare into valuel and value2,
respectively:

Your key is: MY_SECRET_KEY
To trigger an Event
Waka a POET o OET wily fiafiel 1o
iR ] GRS AT come A RET afeee TRrEs O | T SELRET RiT
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Thai it 4 coumphiriety ogrlionial, @l wirs L S0 DS valuw, v bued), 306 e leed @8 Quidy DOFRImariens o foam viratden, This oommient wil b
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Finally, click Test It, and you should receive a text message in just a few seconds.

Now that we have all the pieces in place, it's time to pull it all together into a single script
that will monitor fares 24/7.

Putting it all together

Up until this point, we've worked within the Jupyter Notebook, but now, in order to deploy
our app, we'll move on to working in a text editor. The notebook is excellent for exploratory
analysis and visualization, but running a background job is best done within a simple . py

file. So, let's get started.

We'll begin with our imports. You may need to pip install afew of these if you don't
already have them installed:

import sys

import sys

import numpy as np

from bs4 import BeautifulSoup

from selenium import webdriver
import requests

import scipy

from PyAstronomy import pyasl
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from datetime import date, timedelta, datetime
import time

from time import sleep

import schedule

Next, we'll create a function that pulls down the data and runs our algorithm:

def check_£flights():
# replace this with the path of where you downloaded chromedriver
chromedriver_path = "/Users/alexcombs/Downloads/chromedriver"

browser = webdriver.Chrome (chromedriver_path)

start_sat = sys.argv[2]
end_sat = sys.argv[3]

start_sat_date = datetime.strptime (start_sat, '%Y¥-%m-%d')
end_sat_date = datetime.strptime (end_sat, '$Y¥-%m—-%d')

fare_dict = {}

for i in range(26):
sat_start = str(start_sat_date) .split () [0]
sat_end = str(end_sat_date) .split () [0]
fare_dict.update ({sat_start: {}})
sats =
"https://www.google.com/flights/?f=0#£f=0&f1t=/m/02_286.r/m/02j9z." + \
sat_start + "*r/m/02j9z./m/02_286." + \
sat_end + ";c:USD;e:1;s:0*1;sd:1;t:e"
sleep (np.random.randint (10,15))
browser.get (sats)

soup = BeautifulSoup (browser.page_source, "html51ib")
cards = soup.select('div[class*=info-container]')
for card in cards:
city = card.select('h3') [0].text
fare = card.select('span[class*=price]') [0].text
fare_dict[sat_start] = {**fare_dict[sat_start], **{city: fare}}
start_sat_date = start_sat_date + timedelta (days=7)
end_sat_date = end_sat_date + timedelta (days=7)

city_key = sys.argv[1l]
city_dict = {}

for k,v in fare_dict.items():
city_dict.update ({k:int (v[city_key] .replace(',"',"'"') .split('$')[1]1)})
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prices = [int(x) for x in city_dict.values()]
dates = city_dict.keys()

r = pyasl.generalizedESD (prices, 3, 0.025, fullOutput=True)
print ('Total Outliers:', r[0])
out_dates = {}
for i in sorted(r[1]):

out_dates.update ({list (dates) [i]: 1list (prices) [i]})
city mean = np.mean(list (city_dict.values()))
for k,v in out_dates.items():

if v < city_mean:

requests.post ('https://maker.ifttt.com/trigger/cheap_fares/with/key/bNHFwiZ
x0OwMS7EnD425n3T', \

data={ "valuel" : str(city_key), "value2" : str(v), "value3"
mn })
print ('Alert for', city key + '!'")
print ('Fare: $' + str(v), 'on', k)
print ('\n')

else:
print (str(v) + ' is greater than ' + str(city_mean))

Finally, we'll include a scheduler. This will run our code every 60 minutes:

# set up the scheduler to run our code every 60 min
schedule.every (60) .minutes.do (check_£flights)

while 1:
schedule. run_pending ()
time.sleep(1)

And that should do it. We can now save this as fare_alerter.py, and run it from the
command line. You will need to pass in three arguments. The first is the city, the second is
the start date, and the final one is the end date. An example is as follows:

python fare_alerter.py 'Milan' '2018-12-01' '2018-12-08'

The script will continue running and check fares every 60 minutes. If a mistake fare occurs,
we'll be one of the first to know!
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Summary

We've covered a lot of ground in this chapter. We've learned how to find the best airfare
data on the web, how to work with the DOM to find the elements we want to parse, how to
identify outliers, and finally, how to send text alerts from our code using web requests
through IFTTT. While what we've covered here is for airfares, nearly everything we've
done could be reused for any type of pricing you'd like to be alerted to.

If you do decide to use it for airfares though, I hope it provides you with many happy
travels!
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Forecast the IPO Market Using
Logistic Regression

In the late 1990s, getting in on the right Initial Public Offering (IPO) was like winning the
lottery. First-day returns for some technology companies were many times their initial
offering price, and if you were lucky enough to get in on an allocation, you were in for a
windfall. Here are a few of the top first-day performers from the period:

e VA Linux up 697%, 12/09/99
¢ Globe.com up 606%, 11/13/98
e Foundry Networks up 525%, 9/28/99

While the days of dotcom mania are far behind us, IPOs can still have outsized first-day
returns. Here are just a few that rose substantially on their first day of trading in the past
year:

¢ Bloom Energy up 67%
e Pinduoduo up 32%
e Tenable up 32%

As you can see, this is still a market worth paying attention to. In this chapter, we'll take a
closer look at the IPO market. We'll see how we can use machine learning to help us decide
which IPOs are worth a closer look and which ones we may want to take a pass on.

Here's what we'll cover in this chapter:

e The IPO market
Data cleansing and feature engineering

Binary classification with logistic regression
Model evaluation

Feature importance
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The IPO market

Before we jump in and begin modeling, let's first discuss what an IPO, or initial public
offering, is, and what research tells us about this market. After that, we'll discuss a number
of strategies that we can apply.

What is an IPO?

An IPO is the process whereby a private company becomes a public company. Public
offerings raise capital for the company and give the general public an opportunity to invest
in the company by buying its shares.

Though there are variations in how this occurs, in a typical offering, a company enlists the
help of one or more investment banks to underwrite their offering. This means that the
banks make a guarantee to the company that they will purchase all of the shares being
offered at the IPO price on the day of the IPO. The underwriters, of course, do not intend to
keep all of the shares themselves. With the help of the offering company, they go on what's
called a roadshow to drum up interest from institutional clients. These clients putin a
subscription for the shares, which indicates their interest in buying shares on the day of the
IPO. This is a non-binding contract, as the price of the offering is not finalized until the day
of the IPO. The underwriter will then set the offer price, given the level of interest
expressed.

What is interesting from our perspective is that research has consistently shown a
systematic underpricing of IPOs. There are a number of theories as to why this happens,
and why this level of underpricing seems to vary over time, but studies have shown that
billions of dollars are left on the table every year.

In an IPO, money left on the table, is the difference between the offering price of shares
and the first day's closing price.

One other point that should be mentioned before we move on is the difference between the
offering price and the opening price. While you can occasionally get in on the deal through
your broker and receive the IPO at its offering price, in nearly all instances, you, as a
member of the general public, will have to purchase the IPO at the (typically higher)
opening price. We'll build our models under this assumption.
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Recent IPO market performance

Let's now take a look at the performance of the IPO market. We are going to pull down data
from IPOScoop.com, which is a service that provides ratings for upcoming IPOs. Go to
https://www.iposcoop.com/scoop-track-record-from-2000-to-present/ and click on
the button at the bottom of the page to download the spreadsheet. We'll load this into
pandas and run a number of visualizations using our Jupyter notebook.

Unfortunately, the data is in a format that makes it impossible to just read into pandas with
the normal . read_csv () method. What we'll need to do is use a library that lets us read
Excel files into Python lists and then perform some preprocessing to filter out those rows
that aren't of interest, primarily, header rows, and some extraneous information. Follow the

steps to set up notebook:
1. Let's now begin in our notebook by setting up the libraries we'll need:
import numpy as np
import pandas as pd
import xlrd
import matplotlib.pyplot as plt
$matplotlib inline

The x1rd library is what we'll be using to work with the Excel spreadsheet we
downloaded earlier. If you don't have it installed already, it can be added to your
Python distribution at the command line with pip install xlrd.

2. The next step is to load the workbook, as seen in the following block of code:
wb = xlrd.open_workbook ('SCOOP-Rating-Performance.xls')

3. Now that we have loaded the entire Excel workbook, let's target the sheet we'll
be working with, in this instance, the first one:

ws = wb.sheet_by_ index(0)
4. Let's now check that we have the data we are expecting;:

WS .Nnrows
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5. The preceding line of code generates the following output:

3286

6. That number looks about right from comparing it against the spreadsheet, so let's
now move on to incorporating the data row by row:

ipo_list = []
for i in range(36,ws.nrows):
if isinstance(ws.row(i) [0] .value, float):
ipo_list.append([x.value for x in ws.row(i)])
else:
print (i, ws.row(i))

The preceding code generates the following output:
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Let's talk about what happened in that code block. First, we create an empty list to
which we will add the rows. Then, we loop over each row in the spreadsheet,
checking whether the first value (the left most cell) is a float. If it is, then we add
all the cells' values to our list. This works because the Date column, when read in,
appears as a float, and we are only interested in those rows in the sheet that start
with a date. Note that we also start our loop on line 36 to skip over the summary
data in the sheet.

7. Let's now again check that the number of rows we expect are in our list:

len (ipo_list)
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The preceding code generates the following output:

3156

After eliminating the header and other rows we aren't interested in, this looks
about right.

Working on the DataFrame

Let's now move on to getting our DataFrame ready to work with:
df = pd.DataFrame (ipo_list)
df .head ()

The preceding code generates the following output:
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The data looks good, so let's now add our columns:

df.columns = ['Date', 'Company', 'Ticker', 'Managers',6 \
'Offer Price', 'Opening Price', 'lst Day Close',\
'lst Day % Chg', '$ Chg Open', '$ Chg Close',\
'Star Rating', 'Performed']

df .head()
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The preceding code generates the following output:
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Let's now convert that Date column from a float to a proper date. The x1rd library has
some functionality that can help us with that. We'll use it in a function to get our dates in
the proper format:

def to_date (x):

return xlrd.xldate.xldate_as_datetime (x, wb.datemode)
df['Date'] = df['Date'].apply(to_date)
df

The preceding code generates the following output:
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Now that we have dates that we can work with, let's add some additional date-related
columns that can help us work with the data better:

df['Year'], df['Month'], df['Day'], df['Day of Week'] = \
df['Date'] .dt.year, df['Date'].dt.month, df['Date’'].dt.day,
df['Date'] .dt.weekday

df

The preceding code generates the following output:
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Now that we've completed those steps, let's check our data in the DataFrame against the
data in the original spreadsheet:

by_year_cnt = df.groupby('Year') [['Ticker']].count ()

by_year_cnt
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The preceding code generates the following output:

Ticknr
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Comparing this to the same values in the spreadsheet shows us that we have nearly
identical values, so we should be good to continue.

[129]



Forecast the IPO Market Using Logistic Regression Chapter 4

We'll take one additional step here to eliminate what are sometimes referred to as penny
stocks, or particularly low-priced stocks. Then, we'll check the data types to ensure they look
appropriate:

df.drop (df [df['Offer Price'] < 5].index, inplace=True)
df.reset_index (drop=True, inplace=True)
df .dtypes

The preceding code generates the following output:

Date datetimebd[na]
COMPBany abjeot
Ticker chject
Hanagers abject
offer Price floatk4
Opening Price floatEd
lst Day Closa float64d
lat Day % Chg ahject
5 Chg Open floattd
£ Chg Closée fFlaated
Star Rating abjest
Performed ahject
Year intbd
Month inted
Day inted
Day of Week inth4
dtype: cbiect

This looks to be in line with what we expect, with the exception of the 1st Day % Chg
column. We'll correct that now by changing the data type to a float:

df['lst Day % Chg'] = df['lst Day % Chg'].astype(float)
df.dtypes
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The preceding code generates the following output:
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Analyzing the data

The data types all look good now, so we'll begin our exploratory analysis by graphing the
number of IPOs since 2000:

fig,

ax = plt.subplots(figsize=(16,8))

by_year_cnt.plot (kind='bar', ax=ax, color='crimson')
ax.legend(['Ticker Count'])

ax.set_title('IPO Count by Year',

fontdict={'size':

18}, y=1.02);
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The preceding code generates the following output:

PO Count by Year
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From the chart, we can see that most years have over 100 IPOs, but that in the years after
and including 2001 and 2008, there was a notable reduction, mostly likely due to the
aftermath of 9/11 and the financial crisis.

Summarizing the performance of the stocks

We'll get a quick summary of the performance of the stocks over the past 18 years by
executing the following code:

summary_by_ year = df.groupby('Year')['lst Day % Chg'].describe ()

summary_by_ year
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The preceding code generates the following output:
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From the table, we can see the extraordinary average return of the IPO market in 2000. At
over 35%, it is more than double any other year on the list. Also notable is the fact that
every year has had a positive average return for first-day performance.

Let's plot first-day performance to get a better feel for it:

fig, ax = plt.subplots(figsize=(16,8))
summary by_year['mean'].plot (kind='bar',
ax.set_title('Mean First Day Percentage Change by Year',

18}, y=1.02);
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The preceding code generates the following output:

Mean First Day Percentage Change by Year
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The important point about these numbers is that they are not the first-day performance that
the general investing public could expect to receive on that first-day. Only investors who
got in on the offering could expect to see these numbers.

The first-day return that the general public could expect to receive would be the difference
between the opening price and the closing price. This is entirely different, and much less
lucrative. Let's now add a column of data to reflect that value and see the results:

df['lst Day Open to Close % Chg'] = ((df['lst Day Close'] - df['Opening
Price'])/df['Opening Price'])

df['lst Day Open to Close % Chg'].describe()
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The preceding code generates the following output:

count 3132.000000
mean 0.013276
atd 0.108117
min -0.493812
25% =-0.028939
S50% 0.000000
75% 0.040000
max 1.599175
Hama: lst Day Open ©o Close &% Chg, dtypa: floatéd

This shows returns that are markedly less exciting. Let's now plot them as before:

fig, ax = plt.subplots(figsize=(16,8))

df.groupby('Year') ['lst Day Open to Close % Chg'].mean() .plot (kind='bar',
ax=ax)

ax.set_title('Mean First Day Open to Close % Change by Year',
fontdict={'size': 18}, y=1.02);

The preceding code generates the following output:
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Comparing the preceding chart to the earlier one, it is clear that annual average returns on
the first day are displayed in the range of their order of magnitude which is lower in many
cases.

Baseline IPO strategy

Let's now suppose that we bought one share of every IPO at the exact opening tick and sold
them at the precise closing price listed in these figures; what would our returns look like in
terms of dollars earned?

To answer this question, let's look at the actual dollar price change from open to close:

df['lst Day Open to Close $ Chg'] = (df['lst Day Close'] - df['Opening
Price'])

df [df[ 'Year']==2018] .sum()

The preceding code generates the following output:

Offer Priee 2493 . B85000
Opening Price ZBEB. 300000
lat Day Close Z91E6.510000
lat Day & Chg 24.532930
¢ chy Open 354.415000
% Chg Close d436. 125000
Year 345114000000
Manth 945. 000000
Day 3257000000
Dey of Weak 508 . 00000
lgt Day Open to Cloee % Chg 1.080821
let Day Open to Close 3§ Chg 28.210000
Opening Gap % Chg 23.266162
Opening Gap % Chg 394, 415000
Mar Count 357 . D0000g
diype: floated
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From this, we see the first day open-to-close dollar total is just above $28. That number is
for over 173 IPOs so far in 2018:

df [df['Year']==2018] ['1lst Day Open to Close $§ Chg'].describe ()

The preceding code generates the following output:

count 173.000000
Mme&n D.163064
std 2. 244747
min 6. 260000
25% =0.840000
50% O.000000
75% 0.500000
max S.940000
Kam=: lat Day Open to Close 5 Chg, dtype: floated

That reflects a mean first-day gain of just over 16 cents per IPO. And remember, this is
under ideal conditions where we ignore transaction costs and slippage.

Slippage is the difference between your attempted entry or exit price for a
target stock and the price at which your order is actually fulfilled.

Let's now take a look at what the distribution of returns for these IPOs look like. This may
help us understand how to improve our returns over the baseline Naive Bayes strategy of
just buying every IPO:

fig, ax = plt.subplots(figsize=(16,8))
df [df['Year']==2018]['lst Day Open to Close % Chg'].plot (kind='hist',
bins=25, ax=ax)
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The preceding code generates the following output:

|
g 10|

m |

a4 Lo ] ]

We see that returns are centered around zero, but there is a long tail to the right where
there are some exceptional returns. It would be quite financially rewarding if we were able
to identify some of the commonalities that these exceptional IPOs have that we could
capitalize on.

Let's see whether we can use machine learning to help improve our results from a
Naive Bayes approach. A reasonable strategy would seem to be targeting that long tail on
the right, so we'll focus on feature engineering in the next section.
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Data cleansing and feature engineering

What might impact the performance of an offering as it begins trading? Perhaps the
performance of the market in general or the prestige of the underwriters could impact it?
Perhaps the day of the week or the month that it trades is important? The consideration and
inclusion of these factors in a model is called feature engineering, and modeling this is
nearly as important as the data that you use to build the model. If your features aren't
informative, your model simply won't have value.

Let's begin this process by adding a few features that we expect may influence the
performance of an IPO.

Adding features to influence the performance of
an IPO

One measure of demand that could be informative is the opening gap. This is the difference
between the offer price and the opening price of the issue. Let's add that to our DataFrame:

df['Opening Gap % Chg'] = (df['Opening Price'] - df['Offer
Price'])/df['Offer Price']

Next, let's get a count of the number of underwriters on the offering. Perhaps having more
banks involved leads to better marketing of the issue? This is demonstrated in the following

code block:

def get_mgr_count (x) :
return len(x.split('/'))

df['Mgr Count'] = df['Managers'].apply(get_mgr_count)

Let's quickly see whether there might be anything to this hypothesis by means of a
visualization:
df .groupby ('Mgr Count') ['lst Day Open to Close %

Chg'] .mean() .to_frame () .style.bar (align="mid', color=['#d65£5f"',
'#5fba7d'])
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The preceding code generates the following output:

Mgr Count
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It's not apparent what the relationship might be from this chart, but clearly nine bankers is

the sweet spot!

Next, let's move on to extracting the first underwriter in the list. This would be the lead,

and perhaps the prestige of this bank is important to the first-day gains:

df['Lead Mgr'] = df['Managers'].apply(lambda x: x.split('/') [0])

Next, let's take a quick peek at the data in the new column that we have created:

df['Lead Mgr'] .unique ()
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The preceding code generates the following output:

array|([ "Deutsche Bank Securities’', 'UBS Investment Bank®,
‘Morgan Stanley’, "Goldman Sachs', 'Ladenburg Thalmann',
"Citigroup', 'B. Riley FBR', 'Jefferies’', 'Credit Suisse’,
'"BofA Merrill Lynch', 'J.P. Morgan', 'EarlyBirdCapital’,
"Roth Capital Partners’, '"Oppenheimer & Co.", "\uZ0O0bJefferies',
"Cantor', 'Piper Jaffray', 'Barclays’;
"Sandler O'Neill & Partners”, 'Goldman Sachs (Asia)’,
"Hetwork 1 Financial Securities', 'Oppenheimer';,; 'Raymond James',
"Stifel’', 'Wells Fargo Securities', 'Baird’, 'Stephens’', 'Cowen',
"Benchmark', 'Leerink Partners', 'Chardan’; 'Evercore ISI',
‘Maxim Group ', '‘u200bCredit Suisse',
"Keefe, Bruyette & Woods (A Stifel Company)', 'Cowen and Company',
"BMO Capital Markets', ‘Joseph Gumnnar & Co.', °"CICC®,
‘Maxim Group', "Sandler 0'Neill + Partners”,
‘Cantor Fitzgerald & Co.', 'Joseph Gunnar',
‘Rodman & Renshaw (a Unit of H.C. Wainwright & Co.)',
"CIBC Capital Markets', 'Goldman, Sachs', "UBS Securities',

Even a cursory examination of the preceding shows us that we have some genuine issues
with the data. Many names are replicated with different spellings and punctuation. We
could, at this point, stop and attempt to clean up the data, and this would be the proper
course of action if we were going to rely on our model for anything serious, but as this is
just a toy project, we'll forge ahead and hope that the impact is minimal.

Binary classification with logistic regression

Instead of attempting to predict what the total first-day return will be, we are going to
attempt to predict whether the IPO will be one we should buy for a trade or not. It is here
that we should point out that this is not investment advice and is for illustrative purposes
only. Please don't run out and start day trading IPOs with this model willy-nilly. It will end
badly.

Now, to predict a binary outcome (that's a 1 or 0/yes or no), we will start with a model
called logistic regression. Logistic regression is actually a binary classification model rather
than regression. But it does utilize the typical form of a linear regression; it just does so
within a logistic function.
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A typical single variable regression model takes the following form:
t= g+ Gz

Here, t is a linear function of a single explanatory variable, x. This can, of course, be
expanded to be a linear combination of many variables. The problem with this form for a
binary outcome variable is that t does not naturally fall between 1 and 0.

The logistic function seen in the following equation has some quite favorable mathematical
properties, including the fact that it can take any number as an input (¢ here) and return a
result that falls between 0 and 1:

alf) =

The graph is represented as below:

By replacing t with our regression function, we now have a model that is able to both give
us information on the importance of each predictor (the beta coefficients) and provide a
form that can be used to give us a binary prediction that represents the probability of
success, Or a positive result:

o) = T

Before we can move on to modeling our data, we need to put it in a form that is appropriate
for scikit-learn.
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We'll start by importing a library that can help us with this task; it's called patsy. It can be
pip-installed if necessary:

from patsy import dmatrix

Creating the target for our model

Now, we'll create the target for our model. This is the column that will tell our model
whether each IPO should have been invested in or not. We are going to say that we should
invest in any IPO that has a 2.5% or greater return on day one. Obviously, this is an
arbitrary number, but it seems like a reasonable value for the investment to be worthy of
our attention:

y = df['lst Day Open to Close % Chg'].apply(lambda x: 1 if x > .025 else 0)

Now that we have set our target column, we need to set up our predictor variables. We'll
again use patsy for this:

X = dmatrix("Q('Opening Gap % Chg') + C(Q('Month'), Treatment) + C(Q('Day
of Week'), Treatment))\

+ Q('Mgr Count') + Q('Lead Mgr') + Q('Offer Price') + C(Q('Star Rating'),
Treatment)", df, return_type="dataframe")

Let's discuss what's going on in that line of code. X here is our design matrix, or the matrix
that contains our predictor variables. We have included the things we discussed earlier that
could have some impact on the performance: the size of the opening gap, the month and
day of the IPO, the offering price, the lead manager, the number of managers, and finally,
the star rating that IPOScoop. com provides in advance of the IPO's listing.

To give some explanation regarding the Qs and Cs found in the lines of code, the Qs are
simply used to provide quotes in the formula for columns that have white space in their
names, and the Cs are used to indicate that the referenced column should be treated as
categorical features and dummy-coded.

Dummy coding

Dummy coding is a method where, if we had one column that had a student's favorite class
as a predictor variable in one column, we would turn each class into its own column and
then place a 1 in that column if it was the favorite class of the student, as seen in the
following diagram:
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Source: http://www.statisticssolutions.com/dummy-coding-the-how-and-why/

Once that is done, then the next step is to actually drop one of those columns. The dropped
column then becomes the base case. All the other cases are then compared to that case. In
our IPO example using months as predictors, we will drop January, for example, and then
all the other months will be judged against January's performance. The same goes for the
days of the week or any other categorical predictor. This dropping of a column is to prevent
multicollinearity, which would have a negative impact on the explanatory power of the
model.

Let's take a look at what this coding looks like by running the following in a Jupyter cell:

X

The preceding code generates the following output:

CarMomR], CCUMenit], ClOMosiy] GHOfNonEY, CO0Menth), CIDiMacil CRfMors), GOCEsnh], CI0MMant]
ieroenl  Trewamasll Tl Teealserd  Treabresi]  Trewbowl]  Tesalvsend Teoawnent]  Treatre(l sl
LE ) PLET]
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L 15 oli} oo e b LEi] 1L il a4 i1}
1 18 En on e “n un g = an npy
-] 1 BN oK e pa an e i aa o
- ] 12 2l nn [1E< oa an [+ Es 0 a.n nn
i 1.2 oo oo 18] L an 1 E= i} aa [181]
F 12 Ln ap e A an 1B oa a4 oo
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7 1.5 =11] an i 1] L8] g il ] il op
E f=, 1] (1]1] oe La [B1] 1Es 0na a4 [1£1]
1] 1.3 a1} (11] oe oa an nc O aan [161]
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Now that we have both our x and y, we are ready to fit our model. We are going use a very

basic train/test split and simply train our model on all but the last 200 IPOs:

from sklearn.linear_model import LogisticRegression

X_train = X[:-200]
y_train = y[:-200]
X_test = X[-200:]
y_test = y[-200:]

clf = LogisticRegression()
clf.fit (X_train, y_train)

And, with that, we have our model. Let's examine the performance of this very simple

model.

Examining the model performance

We'll start by making predictions on our test data and then we'll examine whether our

predictions were correct:

y_hat = clf.predict (X_test)
y_true = y_test

pdf = pd.DataFrame({'y_true': y true, 'y hat': y_hat})

pdf['correct'] = pdf.apply(lambda x: 1 if x['y true'] == x['y_hat'] else O,

axis=1)

pdf
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The preceding code generates the following output:

y_trme y_hat correct
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Let's now look at what percentage of the 200 IPOs in our test dataset we should have

invested in—remember, that means they rose over 2.5% from the open to the close:

pdf['y_true'].value_counts (normalize=True)

The preceding code generates the following output:

1
0

0.51
0.49

Name: y true, dtype: floaté64

So, just north of half the IPOs rose over 2.5% from their opening tick to the closing tick.

Let's see how accurate our model's calls were:

pdf['correct'].value_counts (normalize=True)

The preceding code generates the following output:

1
0

0.51
0.49

Name: correct, dtype: floaté64
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Well, it looks like our model was about as accurate as a coin flip. That doesn't seem too
promising. But with investing, what is important is not the accuracy but the expectancy. If
we had a number of small losses, but a couple of huge wins, overall, the model could still
be very profitable. Let's examine whether that's the case here. We'll join our results data

with the first-day change data to explore this:

results = pd.merge (df[['lst Day Open to Close $ Chg']], pdf,

left_index=True, right_index=True)
results

The preceding code generates the following output:

158 Day Open to Clese EChg v true v hat  cosmect
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First, let's see what our results would have looked like for one share of every one of the 200

IPOs in our test data:

results['lst Day Open to Close $ Chg'].sum()

The preceding code generates the following output:

215,71873
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From this, we see that we would have gained over $215 in an ideal cost-free scenario. Now,
let's examine some of the other statistics concerning these IPOs:

results['lst Day Open to Close $ Chg'].describe ()

The preceding code generates the following output:

oount 200, 00g000
TRELATI 1.07858%4
std &, 136920
min =15, BTS00
25§ -0,57T8135
a Tl | 0.2312500
TS5k 1.902344
AN 20, 6093758
Hama: 15t Day Open o Cloge & Chyg, dtype: [loabed

Based on the preceding, we see that the average gain was just over $1, and the largest loss
was 15 times that. How does our model fare against those numbers? First, we look at the
trades our model said we should take and the resulting gains:

# ipo buys
results[results['y_hat']==1]['lst Day Open to Close $ Chg'].sum()

The preceding code generates the following output:

51.109375

Let's look at the other statistics as well:

# ipo buys
results[results['y_hat']==1]['lst Day Open to Close $ Chg'].describe ()

The preceding code generates the following output:

count F4 . 00000
mizan 1. 503207
ged 6.563061
min =9, BTS00
25% =1.968750
S0% 0.507812
TER £ . 542%E9
mAx 20.609375
Mama: 1t Day Open to Close 5 Chg, dtype: flcatéd
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Here, we see that our model suggested investing in only 34 IPOs, the mean gain rose to
$1.50, the largest loss was reduced to under $10, and we still were able to capture the best
performing IPO. It's not stellar, but we may be on to something. We'd need to explore
further to really know whether we do have something worth expanding further.

Now, let's move on to examine the factors that seem to influence our model's performance.

Generating the importance of a feature from
our model

One of the nice features of logistic regression is that it offers predictor coefficients that can
tell us the relative importance of the predictor variables or features. For categorical features,
a positive sign on a feature's coefficient tells us that, when present, this feature increases the
probability of a positive outcome versus the baseline. For continuous features, a positive
sign tells us that an increase in the value of a feature corresponds to an increase in the
probability of a positive outcome. The size of the coefficient tells us the magnitude of the
increase in probability.

Let's generate the importance of the feature from our model, and then we can examine the
impact it has:

fv = pd.DataFrame (X_train.columns, clf.coef_.T).reset_index()
fv.columns = ['Coef', 'Feature']
fv.sort_values('Coef', ascending=0) .reset_index (drop=True)

The preceding code generates the following output:
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In the preceding screenshot, we see those features with the largest coefficients. Let's look at
days of the week and their impact there:

fv[fv['Feature'].str.contains('Day"')]

The preceding code generates the following output:

Goaf Faature

12 -0.082384 CiO[Day of Wask?), Treatmeni)T.1]
13 0053059 CiO0Day af Wesk), Treatmen()T.2]
14 0187880 CIQ[Day of Woek), TreatmeriiT.3]
16  OOBI0E0 OO0 Day of Wk, TreatmaniiT.4]
18 0200857 CAQH Day of Wiek'), TreatmaniT.5]

Here, the first day of the week would be Monday and would be coded as T. 0, or the base
case. All the other days of the week would be compared to Monday. From the preceding
screenshot, we see that Thursday appears to be the best day of the week. Saturday appears
to be a terrible day of the week to have an IPO, most likely because the market is closed that
day. (In all likelihood, those dates are just incorrectly recorded.)

Looking further at the features with the highest coefficients, we can now appreciate that
extracting useful information for the predictive value of each is difficult, since many of
those features are for things that no longer exist. For example, while Deutsche Bank still
exists, it no longer underwrites as Deutsche Banc Alex. Brown, so that is actually conveying
historical information rather than information that can be useful going forward.

Another issue is that features do not reflect how frequently they had an impact. The
appearance of a bank that was only in business in 2000 and had 3 hugely successful IPOs
would have a very large positive coefficient, but would be meaningless in our modeling
efforts.

[150 ]



Forecast the IPO Market Using Logistic Regression

Chapter 4

Random forest classifier method

Another method of modeling that tells us which features have an impact on our model is
the feature importance that comes out of a random forest classifier. This more accurately

reflects the true impact of a given feature.

Let's run our data through this type of model and examine the results:

from sklearn.ensemble import RandomForestClassifier

clf_rf = RandomForestClassifier (n_estimators=1000)
clf rf.fit(X_train, y_train)

f_importances = clf_ rf.feature_importances_

f_names = X _train.columns

f_std = np.std([tree.feature_importances_ for tree in clf_rf.estimators_],

axis=0)

zz = zip(f_importances, f_names, f_std)
zzs = sorted(zz, key=lambda x: x[0], reverse=True)

n_features = 10

imps = [x[0] for x in zzs[:n_features]]
labels = [x[1] for x in zzs[:n_features]]
errs = [x[2] for x in zzs[:n_features]]

fig, ax = plt.subplots(figsize=(16, 8))

ax.bar (range (n_features), imps, color="r", yerr=errs)

plt.xticks (range (n_features), labels)

plt.setp( ax.xaxis.get_majorticklabels(), rotation=-70, ha="left"

);
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The preceding code generates the following output:
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In the preceding code, we ran a random forest classifier, extracted and sorted the
importance of the features, and then graphed those values with their error bars.

From this data, we see that what has the most impact on the model is the opening gap, the
offer price, and the number of managers involved in the deal. These would all seem to
make sense as having predictive values, since they indicate that there is strong demand for
the deal.
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Summary

We covered a lot of ground in this chapter, but we've only just scratched the surface in
terms of how to build this type of model. Hopefully, you've gained a better understanding
of the modeling process, from cleaning the data, to engineering the features, to testing. And
hopefully, you'll use this information to extend the model on your own and improve upon
it.

In the next chapter, we'll turn our attention to a very different domain, as we move from
numeric data to text-based data.
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Create a Custom Newsfeed

Iread a lot. Some might even say compulsively. I've been known to consume more than a
hundred articles on some days. But despite this, I frequently find myself searching for more
to read. I suffer from this sneaking suspicion that I have missed something interesting, and
will forever suffer a gap in my knowledge!

If you suffer from similar symptoms, fear not, because in this chapter, I'm going to reveal
one simple trick to finding all the articles you want to read without having to dig through
the dozens that you don't.

By the end of this chapter, you'll have learned how to build a system that understands your
taste in news, and will send you a personally tailored newsletter each day.

Here's what we'll cover in this chapter:

¢ Creating a supervised training set with the Pocket app
e Leveraging the Pocket API to retrieve stories

Using the Embedly API to extract story bodies
Natural language processing basics

Support vector machines
IFTTT integration with RSS feeds and Google Sheets
Setting up a daily personal newsletter
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Creating a supervised training set with
Pocket

Before we can create a model of our taste in news articles, we need training data. This
training data will be fed into our model in order to teach it to discriminate between the
articles we'd be interested in and those we would not. To build this corpus, we will need to
annotate a large number of articles to correspond to these interests. We'll label each article
either y or n, indicating whether it is the type of article we would want to have sent to us in
our daily digest or not.

To simplify this process, we'll use the Pocket app. Pocket is an application that allows you
to save stories to read later. You simply install the browser extension, and then click on the
Pocket icon in your browser's toolbar when you wish to save a story. The article is saved to
your personal repository. One of the great features of Pocket for our purposes is the ability
to save the article with a tag of your choosing. We'll use this to mark interesting articles as y
and non-interesting articles as n.

Installing the Pocket Chrome Extension

I'm using Google Chrome for this, but other browsers should work similarly. Follow the
steps for installing the Pocket Chrome Extention:

1. For Chrome, go to the Google app store and look for the Extensions section:
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Pocket Chrome Extention

2. Click on Add to Chrome. If you already have an account, log in, and, if not, go
ahead and sign up (it's free).

3. Once that is complete, you should see the Pocket icon in the upper-right corner of
your browser.

4. It will be grayed out, but once there is an article you wish to save, you can click
it. It will turn red once the article has been saved:

- PO e gaag o ad . '

Google
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The saved page can be seen as below:
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The New York Times saved page

Now the fun part! As you go through your day, start saving articles you'd like to read, as
well as those you wouldn't. Tag the interesting ones with y, and the non-interesting ones
with n. This is going to take some work. Your end results will only be as good as your
training set, so you're going to need to do this for hundreds of articles. If you forget to tag
an article when you save it, you can always go to the site, http://www.get .pocket.com, to
tag it there.

Using the Pocket API to retrieve stories

Now that you've diligently saved your articles to Pocket, the next step is to retrieve them.
To accomplish this, we'll use the Pocket API. You can sign up for an account
at https://getpocket.com/developer/apps/new. Follow the steps to achieve that:

1. Click on Create a New App in the upper-left corner and fill in the details to get
your API key.
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2. Make sure to click all of the permissions so that you can add, change, and

retrieve articles:
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3. Once you have that filled in and submitted, you will receive your consumer key.

4. You can find that in the upper-left corner, under My Apps. It will look like the
following screenshot, but obviously with a real key:
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5. Once that is set, you are ready to move on to the next step, which is to set up
authorizations. We'll do that now.
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6. It requires you to input your consumer key and a redirect URL. The redirect URL
can be anything. Here, I have used my Twitter account:

import requests

import pandas as pd

import json
pd.set_option('display.max_colwidth', 200)
CONSUMER_KEY = 'enter_ your_consumer_key_here

auth_params = {'consumer_key': CONSUMER_KEY, 'redirect_uri':
'https://www.twitter.com/acombs'}

tkn = requests.post ('https://getpocket.com/v3/ocauth/request’,
data=auth_params)

tkn.text

The preceding code results in the following output:

'code=aome_long_access_code’

7. The output will have the code you'll need for the next step. Place the following in
your browser bar:

https://getpocket.com/auth/authorize?request_token=some_long_access_co
des&amp; redirect_uri=https%$3A//www.twitter.com/acombs

8. If you change the redirect URL to one of your own, make sure to URL encode it
(that's the %32 type stuff you see in the preceding URL).

9. At this point, you should be presented with an authorization screen. Go ahead
and approve it, and then we can move on to the next step:

# below we parse out the access code from the tkn.text string
ACCESS_CODE = tkn.text.split('=") [1]

usr_params = {'consumer_key': CONSUMER_KEY, 'code': ACCESS_CODE}

usr = requests.post ('https://getpocket.com/v3/oauth/authorize’,
data=usr_params)

usr.text
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The preceding code results in the following output:

'EEEEHE_tﬂHEﬂ“EﬂmE_lﬁﬂg_ﬂGfEBS_tGHﬂnhUEEEﬁaME‘Eﬂm&_uEErEEGﬂE_ﬂﬂm&Ln.Eﬂm'

10. We'll use the output code here, to move on to retrieving the stories. First, we
retrieve the stories tagged n:

# below we parse out the access token from the usr.text string
ACCESS_TOKEN = usr.text.split('=')[1l].split('&amp; ') [0]

no_params = {'consumer_key': CONSUMER_KEY,
'access_token': ACCESS_TOKEN,
ltagl: lnl}

no_result = requests.post ('https://getpocket.com/v3/get’,
data=no_params)

no_result.text

The preceding code results in the following output:

'{"status":1,"complete":1,"list":{"1167823383":{"item id":"1167823383", "resolved_id":"1167823383","given_url":"htt
p:\\/\\/www.businessinsider.com\\/gates-dont-expect-the-nuclear-agreement-to-lead-to
ven_title":"GATES: Nuclear agreement won\'t lead to moderate Iran - Business Insider","favorite":"0","status":"0","ti
me_added":"1453255198", "time_updated":"1453255217","time_read":"0", "time_favorited":"0","sort_id":0, "resolved_titl

e":"GATES: Don\'t expect the nuclear agreement to lead to a more mederate Iran","resolved_ url":"http:\\/\\/www.busine
ssinsider.com\\/gates-dont-expect-the-nuclear-agreement-to-lead-to-a-more-moderate-iran-2016-1","excerpt":"Former def
ense secretary Robert Gates isn\'t optimistic that the landmark July 2015 nuclear deal with Iran will lead the countr

You'll notice that we have a long JSON string on all the articles that we tagged n.
There are several keys in this, but we are really only interested in the URL at this
point.

11. We'll go ahead and create a list of all the URLSs from this:

no_jf json.loads (no_result.text)
no_jd = no_jf['list']

no_urls=[]
for i in no_jd.values():

no_urls.append(i.get ('resolved_url'))

no_urls
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The preceding code results in the following output:

[ 'http://www.slate.com/articles/double_x/doublex/2016/01/kermit_gosnell_s_atrocities_aren_t_an_argument_for_stricte
r_abortion laws.html',
'http://bleacherreport.com/articles/2608872-australian-open-2016-results-winners-scores-stats-from-monday-singles-br
acket',
‘http://www.slate.com/blogs/xx_factor/2016/01/14/rihanna_ahead of beyonc_in_the_celebrity endorsement_game.html',
'"http://www.nzherald.co.nz/nz/news/article.cfm?c_id=l&objectid=11576760",
'https://blogs.msdn.microsoft.com/oldnewthing/20160114-00/?p=92851",
'https://www.washingtonpost.com/national/energy-environment/conservation-groups-demand-end-to-refuge-occupation/201
6/01/19/bb83a94e-beff-11e5-98c8-7£ab78677d51_story.html',

List of URLs

12. This list contains all the URLs of stories we aren't interested in. Let's now put that
in a DataFrame and tag it as such:

no_uf pd.DataFrame (no_urls, columns=['urls'])
no_uf = no_uf.assign(wanted = lambda x: 'n')

no_uf

The preceding code results in the following output:
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Tagging the URLs

13. Now we're all set with the unwanted stories. Let's do the same thing with those
stories we are interested in:

yes_params = {'consumer_key': CONSUMER_KEY,
'access_token': ACCESS_TOKEN,

ltagl: lyl}

yes_result = requests.post ('https://getpocket.com/v3/get',
data=yes_params)

yes_jf = json.loads (yes_result.text)
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yes_jd = yes_jf['list']

yes_urls=[]
for i in yes_jd.values():
yes_urls.append(i.get ('resolved_url'))

yes_uf pd.DataFrame (yes_urls, columns=['urls'])
yes_uf = yes_uf.assign(wanted = lambda x: 'y')

yes_uf

The preceding code results in the following output:
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Tagging the URLSs of stories we are interested in

14. Now that we have both types of stories for our training data, let's join them
together into a single DataFrame:

df = pd.concat ([yes_uf, no_uf])
df .dropna (inplace=True)

df
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The preceding code results in the following output:
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Joining the URLs- both interested and not interested

Now that we're set with all our URLs and their corresponding tags in a single frame, we'll
move on to downloading the HTML for each article. We'll use another free service for this,
called Embedly.

Using the Embedly API to download story
bodies

We have all the URLs for our stories, but, unfortunately, this isn't enough to train on; we'll
need the full article body. This in itself could become a huge challenge if we want to roll
our own scraper, especially if we are going to be pulling stories from dozens of sites. We
would need to write code to target the article body while carefully avoiding all the other
site gunk that surrounds it. Fortunately, as far as we are concerned, there are a number of
free services that will do this for us. I'm going to be using Embedly to do this, but there are
a number of other services that you could use instead.

The first step is to sign up for Embedly API access. You can do that

at https://app.embed.ly/signup. It is a straightforward process. Once you confirm your
registration, you will receive an API key. That's really all you'll need. You'll just use that
key in your HTTP request. Let's do that now:

import urllib
EMBEDLY_KEY = 'your_embedly_api_key_here'

def get_html (x) :
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try:
qurl = urllib.parse.quote (x)
rhtml = requests.get ('https://api.embedly.com/1l/extract?url="' +
qurl + '&amp;key=' + EMBEDLY_KEY)
ctnt = json.loads (rhtml.text) .get ('content')
except:
return None
return ctnt

The preceding code results in the following output:
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HTTP requests

And with that, we have the HTML of each story.

Since the content is embedded in HTML markup, and we want to feed plain text into our
model, we'll use a parser to strip out the markup tags:

from bs4 import BeautifulSoup

def get_text (x):
soup = BeautifulSoup(x, 'html5lib')
text = soup.get_text ()
return text

df.loc[:, 'text'] = df['html'] .map(get_text)

df
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The preceding code results in the following output:
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And with that, we have our training set ready. We can now move on to a discussion of how
to transform our text into something that a model can work with.

Basics of Natural Language Processing

If machine learning models only operate on numerical data, how can we transform our text
into a numerical representation? That is exactly the focus of Natural Language
Processing (NLP). Let's take a brief look at how this is done.

We'll begin with a small corpus of three sentences:

1. The new kitten played with the other kittens
2. She ate lunch
3. She loved her kitten

We'll first convert our corpus into a bag-of-words (BOW) representation. We'll skip
preprocessing for now. Converting our corpus into a BOW representation involves taking
each word and its count to create what's called a term-document matrix. In a term-
document matrix, each unique word is assigned to a column, and each document is
assigned to a row. At the intersection of the two is the count:

Sr. no. thelnew|kitten|played|with|other|kittens|she|ate|/lunch(loved|her
1 1 (1 |1 1 1 |1 1 0 [0 |0 0 0
2 0 |0 |0 0 0 |0 0 1 1 ]1 0 0
3 0 10 |1 0 0 |0 0 1 10 |0 1 1

[ 166 ]




Create a Custom Newsfeed Chapter 5

Notice that, for these three short sentences, we already have 12 features. As you might
imagine, if we were dealing with actual documents, such as news articles or even books, the
number of features would explode into the hundreds of thousands. To mitigate this
explosion, we can take a number of steps to remove features that add little to no
informational value to our analysis.

The first step we can take is to remove stop words. These are words that are so common
that they typically tell you nothing about the content of the document. Common examples
of English stop words are the, is, at, which, and on. We'll remove those, and recompute our
term-document matrix:

Sr. no. new kitten played kittens ate lunch loved
1 1 1 1 1 0 0 0
2 0 0 0 0 1 1 0
3 0 1 0 0 0 1

As you can see, the number of features was reduced from 12 to 7. This is great, but we can
take it even further. We can perform stemming or lemmatization to reduce the features
further. Notice that in our matrix, we have both kitten and kittens. By using stemming or

lemmatization, we can consolidate that into just kitten:

Sr. no. new kitten play eat lunch love
1 1 2 1 0 0 0
2 0 0 1 1 0
3 0 1 0 0 0 1

Our new matrix consolidated kittens and kitten, but something else happened as well. We
lost the suffixes to played and loved, and ate was transformed to eat. Why? This is what
lemmatization does. If you remember your grade school grammar classes, we've gone from
the inflectional form to the base form of the word. If that is lemmatization, what is
stemming? Stemming has the same goal, but uses a less sophisticated approach. This
approach can sometimes produce pseudo-words rather than the actual base form. For
example, in lemmatization, if you were to reduce ponies, you would get pony, but with
stemming, you'd get poni.

Let's now go further to apply another transformation to our matrix. So far, we have used a
simple count of each word, but we can apply an algorithm that will act like a filter on our
data to enhance the words that are unique to each document. This algorithm is called term
frequency-inverse document frequency (tf-idf).
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We calculate this tf-idf ratio for each term in our matrix. Let's calculate it for a couple of
examples. For the word new in document one, the term frequency is just the count, which is
1. The inverse document frequency is calculated as the log of the number of documents in
the corpus over the number of documents the term appears in. For new, this is log (3/1), or
4471. So, for the complete tf-idf value, we have tf * idf, or, here, it is 1 x .4471, or just .4471.
For the word kitten in document one, the tf-idf is 2 * log (3/2), or .3522.

Completing this for the remainder of the terms and documents, we have the following:

Sr. no. new kitten play eat lunch love
1 4471 3522 4471 0 0 0
2 0 0 0 4471 4471 0
3 0 1761 0 0 0 4471

Why do all of this? Let's say, for example, we have a corpus of documents about many
subjects (medicine, computing, food, animals, and so on) and we want to classify them into
topics. Very few documents would contain the word sphygmomanometer, which is the device
used to measure blood pressure; and all the documents that did would likely concern the
topic of medicine. And obviously, the more times this word appears in a document, the
more likely it is to be about medicine. So a term that occurs rarely across our entire corpus,
but that is present many times in a document, makes it likely that this term is tied closely to
the topic of that document. In this way, documents can be said to be represented by those
terms with high tf-idf values.

With the help of this framework, we'll now convert our training set into a tf-idf matrix:
from sklearn.feature_extraction.text import TfidfVectorizer
vect = TfidfVectorizer (ngram_range=(1l,3), stop_words='english', min_d£f=3)
tv = vect.fit_transform(df['text'])

With those three lines, we have converted all our documents into a tf-idf vector. We passed
in a number of parameters: ngram_range, stop_words, and min_df. Let's discuss each.

First, ngram_range is how the document is tokenized. In our previous examples, we used
each word as a token, but here, we are using all one- to three-word sequences as tokens.
Let's take our second sentence, She ate lunch. We'll ignore stop words for the moment. The
n-grams for this sentence would be: she, she ate, she ate lunch, ate, ate lunch, and lunch.
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Next, we have stop_words. We pass in english for this to remove all the English stop
words. As discussed previously, this removes all terms that lack informational content.

And finally, we have min_df. This removes all words from consideration that don't appear
in at least three documents. Adding this removes very rare terms and reduces the size of
our matrix.

Now that our article corpus is in a workable numerical format, we'll move on to feeding it
to our classifier.

Support Vector Machines

We're going to be utilizing a new classifier in this chapter, a linear Support Vector Machine
(SVM). An SVM is an algorithm that attempts to linearly separate data points into classes
using a maximum-margin hyperplane. That's a mouthful, so let's look at what it really
means.

Suppose we have two classes of data, and we want to separate them with a line. (We'll just
deal with two features, or dimensions, here.) What is the most effective way to place that
line? Lets have a look at an illustration:
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In the preceding diagram, line H, does not effectively discriminate between the two classes,
so we can eliminate that one. Line H, is able to discriminate between them cleanly, but Hj is
the maximum-margin line. This means that the line is centered between the two nearest
points of each class, which are known as the support vectors. These can be seen as the
dotted lines in the following diagram:
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What if the data isn't able to be separated into classes so neatly? What if there is an overlap
between the points? In that situation, there are still options. One is to use what's called a
soft-margin SVM. This formulation still maximizes the margin, but with the trade-off
being a penalty for points that fall on the wrong side of the margin. The other option is to
use what's called the kernel trick. This method transforms the data into a higher
dimensional space where the data can be linearly separated. An example is provided here:

109 0 B REEEE X
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The two-dimensional representation is a follows:

X.!

We have taken a one-dimensional feature space and mapped it onto a two-dimensional
feature space. The mapping simply takes each x value and maps it to x, x*. Doing so allows
us to add a linear separating plane.

With that covered, let's now feed our tf-idf matrix into our SVM:
from sklearn.svm import LinearSVC

clf = LinearSVC()
model = clf.fit(tv, df['wanted'])

tv is our matrix, and df [ 'wanted'] is our list of labels. Remember this is either y or n,
denoting whether we are interested in the article. Once that runs, our model is trained.

One thing we aren't doing in this chapter is formally evaluating our model. You should
almost always have a hold-out set to evaluate your model against, but because we are
going to be continuously updating our model, and evaluating it daily, we'll skip that step
for this chapter. Just remember that this is generally a terrible idea.

Let's now move on to setting up our daily feed of news items.
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IFTTT integration with feeds, Google Sheets,
and email

We used Pocket to build our training set, but now we need a streaming feed of articles to
run our model against. To set this up, we'll use IFTTT once again, as well as Google Sheets,
and a Python library that will allow us to work with Google Sheets.

Setting up news feeds and Google Sheets
through IFTTT

Hopefully, you have an IFTTT account set up at this point, but if not, go ahead and set that
up now. Once that is done, you'll need to set up integration with feeds and with Google

Sheets:

1. First, search for feeds in the search box on the home page, then click on Services,
and click to set that up:

QL RSS Feed
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2. You'll just need to click Connect:

o\

RSS Feed

Thn B5S Foael wemyics lsts you Wwim en and make Sppdats for R5S and Alam
waaly feachs, Whan thi b you cara ahodt goed e, stay up-iodate with
Adtficatians, smdils, and marne

3. Next, search for Google Drive under Services:

3 Google Drvel

4. Click on that. It should take you to a page where you select the Google account
you want to connect to. Choose the account and then click Allow to enable IFTTT
to access your Google Drive account. Once that's done, you should see the

following;:
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\

Google Drive

5. Now, with our channels connected, we can set up our feed. Click on New Applet
in the dropdown under your username in the right-hand corner. This will bring
you here:

if Bthis then that

6. Click on +this. Search for RSS Feed, and then click on that. That should bring
you here:

Choose trigger

Mew feed item Hew feed item

matches
This Triggar Aies avaery

thimar & new tem s added This Trigger fires svory

to the feed you specify. tima a new itam in the
frod vou spacify contain
a panticular keyword or
simple phrase.
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7. From here, click on New feed item:

Complete trigger fields

New feed item

Thia Treggey fires meepy e § fee Aem o
ndded totha lwad voo mpodfy

Feed URL

litigs R s fee il med.oame b
nessinyider

Foas Dl L MAL joets b've s mi vy, kil Dl Dua iy s i

Create trigger

8. Then, add the URL to the box and click Create trigger. Once that is done, you'll
be brought back to add the +that action:

if El then Bthat

9. Click on +that, search for sheets, and then click on its icon. Once that is done,

you'll find yourself here:

. Choose action

Update call in

Add roe D
spraactsheat

iprosdihes]
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10. We want our news items to flow into a Google Drive spreadsheet, so click on
Add row to spreadsheet. You'll then have an opportunity to customize the
spreadsheet:

Add row to
spreadsheet

Spraadsheat name

i MewStories '

Formatied row

EntryPublished Bl EntryTitle
[l Entryidel JI EntryCortent ]
FeedTile Jll| FeedUrl

Dirive folder path

Add ingradiant

I gave the spreadsheet the name NewStories, and placed it in a Google Drive folder called
IFTTT. Click Create Action to finish the recipe, and soon you'll start seeing news items
flow into your Google Drive spreadsheet. Note that it will only add new items as they come
in, not items that existed at the time you created the sheet. I recommend adding a number
of feeds. You will need to create individual recipes for each. It is best if you add feeds for
the sites that are in your training set, in other words, the ones you saved with Pocket.
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Give those stories a day or two to build up in the sheet, and then it should look something
like this:

] L i [
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Fortunately, the full article HTML body is included. This means we won't have to use
Embedly to download it for each article. We will still need to download the articles from
Google Sheets, and then process the text to strip out the HTML tags, but this can all be done
rather easily.

To pull down the articles, we'll use a Python library called gspread. This can be pip
installed. Once that is installed, you need to follow the direction for setting up OAuth 2.
That can be found at http://gspread.readthedocs.org/en/latest/oauth2.html. You will
end up downloading a JSON credentials file. It is critical that, once you have that file, you
find the email address in it with the client_email key. You then need to share the
NewStories spreadsheet you are sending the stories to with that email. Just click on the
blue Share button in the upper-right corner of the sheet, and paste the email in there. You
will end up receiving a failed to send message in your Gmail account, but that is expected.
Make sure to swap in your path to the file and the name of the file in the following code:

import gspread

from oauth2client.service_account import ServiceAccountCredentials
JSON_API_KEY = 'the/path/to/your/json_api_key/here'

scope = ['https://spreadsheets.google.com/feeds',
'https://www.googleapis.com/auth/drive']

credentials =
ServiceAccountCredentials. from_json_keyfile_name (JSON_API_KEY, scope)
gc = gspread.authorize (credentials)
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Now, if everything went well, it should run without errors. Next, you can download the

stories:
ws = gc.open ("NewStories")
sh = ws.sheetl
zd =
zf =
zf.replace('', pd.np.nan,

zf.

dropna (inplace=True)

zf

list (zip(sh.col_values (2),sh.col_values(3),

The preceding code results in the following output:

sh.col_values (4)))

pd.DataFrame (zd, columns=['title', 'urls',6 'html'])
inplace=True)
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With that, we downloaded all of the articles from our feed and placed them into a
DataFrame. We now need to strip out the HTML tags. We can use the function we used
earlier to retrieve the text. We'll then transform it using our tf-idf vectorizer:

zf.loc[:, 'text'] =

test_matrix =

zf.reset_index (drop=True,

test_matrix

zf['html'] .map (get_text)
inplace=True)

vect .transform(z£f['text'])
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The preceding code results in the following output:

<A02x1T700 sparse matrix of type '<class "numpy.floatfd'>’
with 45509 stored elements in Compressed Sparse Row [ormats

Here, we see that our vectorization was successful. Let's now pass it into our model to get
back the results:

results = pd.DataFrame (model.predict (test_matrix), columns=['wanted'])
results

The preceding code results in the following output:

wanted
o n
1 n
2 n
3 fl
4 n
5 n
B f
T 1
L] i
B fl
10 n

We see here that we have results for each of the stories. Let's now join them with the stories
themselves so that we can evaluate the results:

rez = pd.merge (results, zf, left_index=True, right_index=True)

rez
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The preceding code results in the following output:

wErind friew s =
. bt Eoaier="T"
a H I----l-:ur—q-;h::l:u iy [T T LT T PEST 1Y B [ M-"'l.:-.“ 'hl'u;-'iﬂilo-l;h
Fal bosie= T wile
Y g TR O L OV W o s e o e i T i oS :;wg bt ok 'w“ -,
i - L A P g
wlpbin bpae="Tr T Moy
& i Ww-hkhih-kiﬂ- [ e et ] ekl iR i - ey ....--h.
[ LN
e e T Smmproaredand Wiy S A
’ g B N R Al e e o ol i
e " P it
- =il DelAdr="1r i W
& o b o TR R v oo cor e e i o e o
[ - i K

At this point, we can improve the model by going through the results and correcting the
errors. You'll need to do this for yourself, but here is how I made changes to my own:

change_to_no = [130, 145, 148, 163, 178, 199, 219, 222, 223, 226, 235, 279,
348, 357, 427, 440, 542, 544, 546, 568, 614, 619, 660, 668, 679, 686, 740,
829]

change_to_yes = [0, 9, 29, 35, 42, 71, 110, 190, 319, 335, 344, 371, 385,
399, 408, 409, 422, 472, 520, 534, 672]

for i in rez.iloc[change_to_yes] .index:
rez.iloc[i] ['wanted'] = 'y'

for i in rez.iloc[change_to_no] .index:
rez.iloc[i]['wanted'] = 'n'

rez

The preceding code results in the following output:
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This may look like a lot of changes, but of the over 900 articles evaluated, I had to change
very few. By making these corrections, we can now feed this back into our model to
improve it even more. Let's add these results to our earlier training data and then rebuild
the model:

combined = pd.concat ([df[['wanted', 'text']], rez[['wanted',K 'text']]])

combined

The preceding code results in the following output:

wanisd towut

i} ¥ wHumans ars prolifio procrastinaiors. H'sea...
1 ¥ ' Gatty ImagesMlaric Tama & monster of & snow..,
2 W rihen the pogdcast “Seridl” went viral, 1ans ...
3 ¥ ‘rEach day, we msks hurdreds of Tocd desisoar...
5 ¥ ‘oli's kind of a perfect storm,'\nA record T834 .,
& ¥ wnCorections & Clanficabion; An earler wars...
T ¥ WaNEW YORK [CESMawYork) - Police have relaas. ..
g y wwDne gy, wihen my Dealher was 18, he walzed
11 ¥ inTha world i gettrg fatter, and some sy it
12 ¥ nlirnking dist soda doesn do your wastline.,,

Retrain the model with following code:

tvcomb = vect.fit_transform(combined['text'], combined['wanted'])
model = clf.fit (tvcomb, combined['wanted'])

Now we have retrained our model with all the available data. You may want to do this a
number of times as you get more results over the days and weeks. The more you add, the
better your results will be.

We'll assume you have a well-trained model at this point, and are ready to begin using it.
Let's now see how we can deploy this to set up a personalized news feed.
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Setting up your daily personal newsletter

In order to set up a personal email with news stories, we're going to utilize IFTTT again. As
before, in chapter 3, Build an App to Find Cheap Airfares, we'll use the Webhooks channel to
send a POST request. But this time, the payload will be our news stories. If you haven't set
up the Webhooks channel, do so now. Instructions can be found in chapter 3, Build an App
to Find Cheap Airfares. You should also set up the Gmail channel. Once that is complete,
we'll add a recipe to combine the two. Follow the steps to set up IFTTT:

1. First, click New Applet from the IFTTT home page and then click +this. Then,
search for the Webhooks channel:

Choose a service

Q. webhooks

&S
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2. Select that, and then select Receive a web request:

Complete trigger fields

ajd il &

Receive a web request
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3. Then, give the request a name. I'm using news_event:

Receive a web request

Mhis trigger fires every tme the Maker
H |'||_'|T'|_||I il
Tor in g
B our Makor service
and then tha listad URL (wab) o
wsermEame [rootiila)

Event Mamea

reiys_avent

4. Finish by clicking Create trigger. Next, click on +that to set up the email piece.
Search for Gmail and click on that:

Choose action service

Q gmail
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5. Once you have clicked Gmail, click Send yourself an email. From there, you can
customize your email message:

Send yourself an email

T his reiy vkl s wall an armal

HThe
sSubpect

Mews Digest

{valua1})

Add ingredient

Craate action

Input a subject line, and include {{vValuel}} in the email body. We will pass our story title
and link into this with our POST request. Click on Create action and then Finish to finalize
it.
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Now, we're ready to generate the script that will run on a schedule, automatically sending
us articles of interest. We're going to create a separate script for this, but one last thing we
need to do in our existing code is serialize our vectorizer and our model, as demonstrated
in the following code block:

import pickle

pickle.dump (model, open(r'/input/a/path/here/to/news_model_pickle.p',
'wb'))

pickle.dump (vect, open(r'/input/a/path/here/to/news_vect_pickle.p', 'wb'))

With that, we have saved everything we need from our model. In our new script, we will
read those in to generate our new predictions. We're going to use the same scheduling
library to run the code as we used in chapter 3, Build an App to Find Cheap Airfares. Putting
it all together, we have the following script:

import pandas as pd

from sklearn.feature_extraction.text import TfidfVectorizer
from sklearn.svm import LinearSVC

import schedule

import time

import pickle

import json

import gspread

from oauth2client.service_account import ServiceAccountCredentials
import requests

from bs4 import BeautifulSoup

def fetch_news():
try:
vect = pickle.load(open(r'/your/path/to/news_vect_pickle.p', 'rb'))
model = pickle.load(open(r'/your/path/to /news_model_pickle.p',
'rb'))
JSON_API_KEY = r'/your/path/to/API KEY.json'

scope = ['https://spreadsheets.google.com/feeds',
'https://www.googleapis.com/auth/drive']

credentials =
ServiceAccountCredentials.from_json_keyfile_name (JSON_API_KEY, scope)

gc = gspread.authorize (credentials)

ws = gc.open ("NewStories")
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sh
zd

ws.sheetl

list (zip(sh.col_values(2),sh.col_values(3), sh.col_values(4)))

zf = pd.DataFrame (zd, columns=['title', 'urls',6K 'html'])

zf.replace('', pd.np.nan, inplace=True)
zf.dropna (inplace=True)

def get_text (x):
soup = BeautifulSoup(x, 'html5lib')
text = soup.get_text ()
return text

zf.loc[:,'text'] = zf['html'] .map(get_text)

tv = vect.transform(zf['text'])
res = model.predict (tv)

rf = pd.DataFrame (res, columns=['wanted'])

rez = pd.merge(rf, zf, left_index=True,

rez = rez.iloc[:20, :]

right_index=True)

news_str = ''
for t, u in zip(rez[rez['wanted']=='y']['title'],
rez[rez['wanted']=='y']['urls']):

news_str = news_str + t + '\n' + u +

payload = {"valuel" : news_str}
r =

l\nl

requests.post ('https://maker.ifttt.com/trigger/news_event/with/key/bNHFwiZx

OwMS7EnD425n3T', data=payload)

# clean up worksheet
lenv = len(sh.col_values (1))
cell_list = sh.range('Al:F' + str(lenv))
for cell in cell_list:
cell.value = ""
sh.update_cells (cell_list)
print (r.text)

except:
print ('Action Failed')

schedule.every (480) .minutes.do (fetch_news)
while 1:

schedule. run_pending ()
time.sleep (1)
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What this script will do is run every 4 hours, pull down the news stories from Google
Sheets, run the stories through the model, generate an email by sending a POST request to
IFTTT for those stories that are predicted to be of interest, and then, finally, it will clear out
the stories in the spreadsheet so only new stories get sent in the next email.

Congratulations! You now have your own personalized news feed!

Summary

In this chapter, we've learned how to work with text data when training machine learning
models. We've also learned the basics of NLP and of SVMs.

In the next chapter, we'll develop these skills further and attempt to predict what sort of
content will go viral.
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Like many great things, this all begins with a bet. It was 2001, and Jonah Peretti, a graduate
student at MIT at the time, was procrastinating. Instead of writing his thesis, he had
decided to take up Nike on their offer to personalize a pair of sneakers. Under a recently
launched program, anyone could do so from their website, NIKEiD. The only problem, at
least from Nike's point of view, was that emblazoning them with the word sweatshop, as
Peretti had requested, was a non-starter. Peretti, in a series of emails, demurred pointing
out that in no way did the word fall into any of the categories of objectionable terms that
would result in his personalization request being rejected.

Peretti, believing others might find the back-and-forth with Nike's customer service
representatives amusing as well, forwarded them to a number of close friends. Within days,
the emails had found their way into inboxes across the world. Major media outlets, such as
Time, Salon, The Guardian, and even the Today Show, had picked up on it. Peretti was at
the center of a viral sensation.

But the question that began nagging at Peretti was, could this sort of thing be replicated?
His friend, Cameron Marlow, had been preparing to write his PhD thesis on viral
phenomena, and was adamant that such things were far too complex for anyone to
engineer. And it is here that the bet comes into play. Marlow wagered that Peretti could not
repeat the success he had enjoyed with that original set of emails with Nike.

Fast forward 15 years, and Jonah Peretti leads the website whose name has become
synonymous with virality—BuzzFeed. With more than 77 million unique visitors in 2015, it
ranked higher than the New York Times in total reach. I think it's safe to say that Peretti
won that bet.

But how exactly did Peretti do it? How did he piece together the secret formula for creating
content that spreads like wildfire? In this chapter, we'll attempt to unravel some of these
mysteries. We'll examine some of the most shared content and attempt to find the common
elements that differentiate it from the content people were less willing to share.



Predict whether Your Content Will Go Viral Chapter 6

The following topics will be covered in this chapter:

e What does research tell us about virality?

¢ Sourcing shared counts and content

¢ Exploring the features of shareability

e Building a predictive content scoring model

What does research tell us about virality?

Understanding sharing behavior is big business. As consumers become increasingly blind
to traditional advertising year on year, the push is on to go beyond simple pitches to tell
engaging stories. And increasingly, the success of these endeavors is measured in social
shares. Why go to so much trouble? Because, as a brand, every share I receive represents
another consumer I've reached—all without spending an additional cent.

Because of this value, several researchers have examined sharing behavior in the hope of
understanding what motivates it. Among the reasons researchers have found are the
following;:

¢ To provide practical value to others (an altruistic motive)
¢ To associate ourselves with certain ideas and concepts (an identity motive)
¢ To bond with others around a common emotion (a communal motive)

With regard to the last motive, one particularly well-designed study looked at the 7,000
pieces of content from the New York Times to examine the effect of emotion on sharing.
They found that simple emotional sentiment was not enough to explain sharing behavior,
but when combined with emotional arousal, the explanatory power was greater.

For example, while sadness has a strong negative valence, it is considered to be a low
arousal state. Anger, on the other hand, has a negative valence, which is paired with a high
arousal state. As such, stories that sadden the reader tend to generate far fewer stories than
anger-inducing stories. Is it any wonder then that much of the fake news that plays such a
large part in politics these days comes in this form? Following image shows the same result:
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PERGENTAGE CHANGE IN FITTED PROBABILITY QF MAKING
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ABOVE THE MEANM IN AN ARTICLE CHARACTERISTIC

|
Arnclaty (+150)] | 21%

Anger (+150) | 3%
=16% | Sadness (+150)
fwie (+150) J 30°%

Positivity (+130) | 13%

Ermctionality (+1500 | 18%

Intarast (+1500 | E5%

Sumprisa (+1500 | 4%

Practical Valua (+15D) § 30%
Tirme &t top of
rome page (+150) I 20°:
—20% 0% 2056 40%

Figure taken from What Makes Online Content Viral? by Jonah Berger and Katherine L. Milkman, Journal of Marketing Research, available at:
http://jonahberger.com/wp-content/uploads/2013/02/ViralityB.pdf

This covers the motivational aspects, but if we hold those factors constant, how do other
attributes affect the virality of a piece of content? Some of these factors could include the
following: headline wording, headline length, headline parts of speech, content length,
social network of post, the topic, the timeliness of the subject matter, and so on. Without a
doubt, a person could spend their entire life studying this phenomenon. For now, however,
we'll just spend the next 30 or so pages doing so. From there, you can decide whether you'd
like to take it further.
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Sourcing shared counts and content

Before we can begin exploring which features make content shareable, we need to get our
hands on a fair amount of content, as well as data on how often it's shared. Unfortunately,
securing this type of data has gotten more difficult in the last few years. In fact, when the
first edition of this book came out in 2016, this data was easily obtainable. But today, there
appears to be no free sources of this type of data, though if you are willing to pay, you can
still find it.

Fortunately for us, I have a dataset that was collected from a now defunct website,
ruzzit .com. This site, when it was active, tracked the most shared content over time,
which is exactly what we require for this project:
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We'll begin by loading our imports into our notebook, as we always do, and then load in
the data. This particular data is in the form of a JSON file. We can read it in using the
pandas read_json () method, as demonstrated in the following code block:

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
$matplotlib inline

dfc = pd.read_json('viral_dataset.json')
dfc.reset_index (drop=True, inplace=True)
dfc
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The preceding code generates the following output:

tithe link fo Inkdn  pins data
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Aotuslly Hava? media="19Z332E 21:00:00
koo Oinm Showed
Lip To A LitHe
E’;‘I:"_I;’.: PLp e, FLEZIL. COmYan- 2015-
1 Birthday, So His UE-"FJBHE-:[-"I.EM_{? $00000UD ar7 | 02-23
Wom Ashed masda=564250 1523800
Facabook For
Halp
Churm loa
Cragem
Sandwichas Ame hbpceww.rueit. comdban- 2015-
2 The Most Us/Radrectlink? 40200000 15 53 oT-11
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Let's take a look at the columns of this dataset to better understand what we'll be working

with:

dfc.columns

The preceding code generates the following output:

Incdax|{[ "titla';
‘pg_miseing,

"html®,

dtypes" abjest” |

‘1ink';
‘img_link®,
“text' 1,

‘', ‘lmkdn®,

TPATE
"jaon_data’,

‘data’,
"Bite®,

‘radirect’ ;

'img_count’,

'‘eptitima”,

Now, let's walk through what each of these columns represents:

title: The title of the article
link: The ruzzit.com link

bb: The number of Facebook likes
1nkdn: The number of LinkedIn shares
pins: The number of Pinterest pins
date: The date of the article
redirect: The link to the original article

[193 ]




Predict whether Your Content Will Go Viral Chapter 6

* pg_missing: A field that describes whether that page is available
e img_link: The link to the image for the article

e json_data: Additional data pertaining to the article

¢ site: The domain the article is hosted on

¢ img_count: The number of images contained in the article

e entities: Person-, place-, and thing-related features of the article
e html: The body of the article

o text: The text of the body of the article

Another feature that will be instructive is the word count of each article. We don't have that
in our data currently, so let's go ahead and create a function that will provide this for us:

def get_word_count (x) :
if not x is None:
return len(x.split (' '))
else:
return None

dfc['word_count'] = dfc['text'].map(get_word_ count)
dfc

The preceding code generates the following output:
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Let's add more features. We'll add the most prominent color of the first image on the page.
The colors for each image are listed by RGB value in the JSON data, so we can extract it
from there:

import matplotlib.colors as mpc

def get_rgb (x):
try:
if x.get('images'):
main_color = x.get ('images') [0] .get('colors') [0].get('color')
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return main_color
except:
return None

def get_hex (x):
try:
if x.get ('images'):
main_color = x.get ('images') [0] .get('colors') [0].get('color')
return mpc.rgb2hex ([ (x/255) for x in main_color])
except:
return None

dfc['json_data'] .map (get_hex)
dfc['json_data'] .map (get_rgb)

dfc['main_hex']
dfc['main_rgb']

dfc

The preceding code generates the following output:

word_count  main_hex main_rgb
Pahy Nb2Bed3 - (178, 156, 131}

a0 Hicihi4 [12; 2%, 204
T80  #cEBeTd  [194, 158, 115]
4140 #ebaffa  [233, 230, 244]
biaM #AM0  [243, 244, 240]

HaM FAIfEf (241, 248, 243]

We've pulled the most prominent color from the first image as an RGB value, but we have
also transformed that into a hex value. We'll use that later when we examine the image

colors.

With our data now ready, we can begin to perform our analysis. We're going to attempt to
find what makes content highly shareable.

Exploring the features of shareability

The stories we have collected here represent roughly the 500 most shared pieces of content
in 2015 and early 2016. We're going to try to deconstruct these articles to find the common
traits that make them so shareable. We'll begin by looking at the image data.
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Exploring image data
Let's begin by looking at the number of images included with each story. We'll run a value
count and then plot the numbers:

dfc['img_count'].value_counts () .to_frame('count')

This should display an output similar to the following:

count
2.0 342
4.0 ar
1.0 36
2.0 e
2.0 30
i B 1

Now, let's plot that same information:

fig, ax = plt.subplots(figsize=(8,6))

y = dfc['img_count'].value_counts () .sort_index()

X = y.sort_index () .index

plt.bar(x, y, color='k', align='center')
plt.title('Image Count Frequency', fontsize=16, y=1.01)
ax.set_xlim(-.5,5.5)

ax.set_ylabel ('Count')

ax.set_xlabel ('Number of Images')
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This code generates the following output:

Image Count Freguency
50
'.|'_|'
_
1541
10
0
s 1§ 1
i 1 . 3 ! 5
Mumber of images

Already, I'm surprised by the numbers. The vast majority of stories have five pictures in
them, while those stories that have either one or no pictures at all are quite rare.

Hence, we can see that people tend to share content with lots of images. Now, let's take a
look at the most common colors in those images:

mci = dfc['main_hex'].value_counts() .to_frame('count')

mci
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This code generates the following output:

couni

ACACHCE
#iBfafa
211837
WOToe03
feaponf
A 22T
Hefafb
FRiGAE
WeBbThS

Ff4fEES
#3ddaTe

B Ky B3I B} B3 BF RY K1 O RF LD

I don't know about you, but this isn't extremely helpful given that I don't see hex values as
colors. We can, however, use a new feature in pandas called conditional formatting to help

us out:

mci['color'] = " !

def color_cells(x):

mci.style.apply(color_cells, subset=['color'], axis=0)

mci

return

'background-color:

' + x.index
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The preceding code generates the following output:

coint  codor
flododod ]
fBibEa 3
¥211537 2
#07DE0S 2
o el -

31227 2 -
LauilE ] F,

—
#cob7hs 2
Al4rada 2
FIAAUTE 2

Clustering

This certainly helps, but the colors are so granular that we have over 450 unique colors in
total. Let's use a bit of clustering to get this down to a more manageable range. Since we
have the RBG values for each color, we can create a three-dimensional space to cluster them
using the k-means algorithm. I won't go into the details of the algorithm here, but it is a
fairly simple iterative algorithm based upon generating clusters by measuring the distance
to centers and repeating. The algorithm does require us to select the k, or the number of
clusters we expect. Because RGB ranges from 0 to 256, we'll use the square root of 256,
which is 16. That should give us a manageable number while retaining the characteristics of
our palette.

First, we'll split our RGB values into individual columns:

def get_csplit (x):
try:
return x[0], x[1], x[2]
except:
return None, None, None

dfc['reds'], dfc['greens'], dfc['blues'] =
zip (*dfc['main_rgb'] .map(get_csplit))
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Next, we'll use this to run our k-means model and retrieve the center values:
from sklearn.cluster import KMeans
clf = KMeans (n_clusters=16)
clf.fit (dfc[['reds', 'greens',K 'blues']].dropna())
clusters = pd.DataFrame (clf.cluster_centers_, columns=['r', 'g', 'b'l])
clusters

This generates the following output:

r a 4]

0 200200000 165350000 139.050000
1 12482500 13700000 16.237500
213842308 218557892 216.211536
136150000 116.500000  88.000000
12691 TES 148294118 139,235254
126300000  &1.100000  38,.900000
TRARIGES  TO.294%18 83,3K3520
195617647 1892970588 186764706
1603000 B2.000030 156.200000

8B.055558 SH.811111  S0.2T79TE

o o o =~ @ o B @ M

A0.EREES 29408451 36169014

Now, we have the sixteen most popular dominant colors from the first image in each
picture. Let's check whether they are using our pandas DataFrame.style () method and
the function we created previously to color our cells. We'll need to set our index equal to
the hex value of the three columns to use our color_cells function, so we'll do that as

well:

def hexify(x):
rgb = [round(x['r']), round(x['g']), round(x['b'])]
hxc = mpc.rgb2hex ([ (x/255) for x in rgb])
return hxc

clusters.index = clusters.apply(hexify, axis=1)
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clusters|['color'] = ' '
clusters.style.apply(color_cells, subset=['color'], axis=0)

This generates the following output:

F =] b color

= =2

#clas@h 2002 16535 130.08

|

#0cooi0 124635 137 16237 -
fdBdde 213842 215558 216213
MBETAEM 13818 1164 BE
FE3sAh 146512 145204 135235
ATeddIT 1263 1.1 588
AibdoBd TS50 JE2B4T 833230
kedoibb 195618 182871 1BE.FES
L it 1.8 2 1882
#4E3032 EO0SSE BAG1YT SDETVE
pridas 308582 20ADES 35160

fAeffefz 230508 242473 2482308
sdgaTza 21725 55,5 S0.75
¥5a7368 B028d1 115976 136528 .
ATcanch 124 fr4.ars 196a7s §
#addETE i 298 118

So there you have it; those are the most common colors you will see (at least for the first
image) in the most frequently shared content. This is a bit more on the drab side than I had
expected as the first several all seem to be shades of beige and gray.

Now, let's move on and examine the headlines of our stories.
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Exploring the headlines

Let's start by creating a function we can use to examine the most common tuples. We'll set
it up so that we can use it later on the body text as well. We'll do this using the Python
Natural Language Toolkit (NLTK) library. This can be pip installed if you don't have it
currently:

from nltk.util import ngrams
from nltk.corpus import stopwords
import re

def get_word_stats (txt_series, n, rem_stops=False):
txt_words = []
txt_len = []
for w in txt_series:
if w is not None:

if rem_stops == False:
word_list = [x for x in ngrams(re.findall('[a-z0-9\']+"',
w.lower()), n)]
else:
word_list = [y for y in ngrams([x for x in re.findall('[a-

z0-9\']1+', w.lower())\
if x not in

stopwords.words ('english')], n)]
word_list_len = len(list (word_list))
txt_words.extend (word_list)
txt_len.append (word_list_len)
return pd.Series (txt_words) .value_counts() .to_frame('count'),
pd.DataFrame (txt_len, columns=['count'])

There is a lot in there, so let's unpack it. We created a function that takes in a series, an
integer, and a Boolean value. The integer determines the n we'll use for n-gram parsing,
while the Boolean determines whether or not we exclude stop words. The function returns
the number of tuples per row and the frequency for each tuple.

Let's run it on our headlines, while retaining the stop words. We'll begin with just single
words:

hw,hl = get_word_stats(dfc['title'], 1, 0)

hl
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This generates the following output:

count

o <]
1 18
2z 14
a 16
4 11
] 11
] 14
T 1
8 10
9 &
10 12

Now, we have the word count for each headline. Let's see what the stats on this look like:

hl.describe ()

This code generates the following output:

[=eTT
eournt 452 D000
mean 10846133

phd  342E2E4

min 1 00N
25% /00000
505 11000000
TE% 13000000

max  oa/0000H
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We can see that the median headline length for our viral stories comes in at exactly 11
words. Let's take a look at the most frequently used words:

ool
ftha} 144
foy) 10
("N 128
it 2
i} L
iyou,| =8
i} B2
jand,| =
mhat) 42
[l } Az
flor) A1

That is not exactly useful, but is in keeping with what we might expect. Now, let's take a
look at the same information for bi-grams:

hw,hl = get_word_stats(dfc['title'], 2, 0)
hw

This generates the following output:

sl

fpictures, thaf]
[trart, will] 9
{dina, af) g
o, the] B
a1 B
fin, the]  E
Ipeople, whai B
i, ta] 7
[ra, oo r
{danald, trumip) T
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This is definitely more interesting. We can start to see some of the components of the
headlines over and over again. The two that stand out are (donald, trump) and (dies,
at). Trump makes sense as he said some headline-grabbing statements during the election,
but I was surprised by the dies headlines. I took a look at the headlines, and apparently a
number of high-profile people died in the year in question, so that also makes sense.

Now, let's run this with the stop words removed:
hw,hl = get_word_stats(dfc['title'], 2, 1)
hw

This generates the following output:

[danatd, brumg) 7
[eemmunity, post) 5
fyear, oid) ®

fenm, comj) 4
{Ehings, you'll) 1
[wihite, poople) 4

[19, thinge) 4

e, naws) 4

igary, marriage) 3
ivea'll, urdarstand) 3
iiaR, B3 3

[pactures, real) 3

Again, we can see many things we might expect. It looks like if we changed how we parsed
numbers (replacing each of them with a single identifier like number), we would likely see
more of these bubble up. I'll leave that as an exercise to the reader, if you'd like to attempt
that.

Now, let's take a look at tri-grams:

hw,hl = get_word_stats(dfc['title'], 3, 0)
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This code generates the following output:

count

ithat, will, make) 4
[lar, paople, wha)
(24, plctures, that)
{that, are, taa)

{with, dowen, syndrome)
{a, woman, is)
fyou, need, ta)

[eéctures, that, will)
[too, real, for)

[the, rirg, of)
{plctures, that, are)
fare, too, real)
idies, al, £3)

L L L &y By LY B O Ly LY e

It seems that the more words we include, the more the headlines come to resemble the
classic BuzzFeed prototype. In fact, let's see whether that's the case. We haven't looked at
which sites produce the most viral stories; let's see whether BuzzFeed leads the charts:

dfc['site'].value_counts () .to_£frame ()
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This generates the following output:

site

BuzzFeed 131

The Huffington Post 56
Nytimes 35

Upworthy 24
IFLScience 20
Washington Post 15
Mashable 13

Mic 11

Western Journalism 8
Business Insider 8
The Atlantic 6

CNN 6

the Guardian 6

Fox News 5
BuzzFeed Community 5
TODAY.com 4

Rolling Stone 4

We can clearly see that BuzzFeed dominates the list. In a distant second place, we can see
The Huffington Post, which incidentally is another site that Jonah Peretti worked for. It

appears that studying the science of virality can pay big dividends.

So far, we have examined images and headlines. Now, let's move on to examining the full

text of the stories.

Exploring the story content

In the last section, we created a function to examine the common n-grams that are found in
the headlines of our stories. Now, let's apply that to explore the full content of our stories.
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We'll start by exploring bi-grams with the stop words removed. Since headlines are so short
compared to the body of the stories, it makes sense to look at them with the stop words
intact, although within the story, it typically makes sense to eliminate them:

hw,hl = get_word_stats(dfc['text'], 2, 1)
hw

This generates the following output:

(Talamic, ninde) 180
{united, states) T34
{year, old) i1

friea, yark) El
(social, media) ]
[yBars. age) =T}
{whito, pecaole) &1
{first, time) 49
[bernis, sanders) 45

fdon't, wanty 44
fast, year) 43
fewery, day) 3

ek, paoale) A
't ket )
fciimate, change) =
Imany, pecpie) -
{two, yeors) &7
jhigh, schond 8
[islamis, state's) »

ipresidont, obama) 3

Interestingly, we can see that the frivolity we saw in the headlines has completely
disappeared. The text is now filled with content discussing terrorism, politics, and race
relations.
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How is it possible that the headlines are light-hearted, while the text is dark and

controversial? I would suggest that this is because articles such as 13 Puppies Who Look Like

Elvis are going to have substantially less text than The History of the Islamic State.

Let's take a look at one more. We'll evaluate the tri-grams for the story bodies:

hw,hl = get_word_stats(dfc['text'], 3, 1)
hw

This code generates the following output:

Gount

{advertisament, story, continues) L g
ichack, articles, buzziead) 27
{articles, buzefeed, som) BT
buzzfoed, com, tagged) 21
(e, york, tinves) 18

[pic, twitter, com) 17

[via, upward, spiral) 17

{rew, york, city) 16

{evary, single, day) 16
(folbow, us, twitter) 15

llike, us, facebook) 14

(g, m, ) 13

{lacebook, follaw, ua) 13

[ues, tacebook, follow) 13

I5, xbox, two) 12

iplaystation, 5, xbox) 12

We appear to have suddenly entered the land of advertising and social pandering. With

that, let's move on to building a predictive model for content scoring.
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Building a predictive content scoring model

Let's use what we have learned to create a model that can estimate the share counts for a
given piece of content. We'll use the features we have already created, along with a number
of additional ones.

Ideally, we would have a much larger sample of content—especially content that had more
typical share counts—but we'll have to make do with what we have here.

We're going to be using an algorithm called random forest regression. In previous
chapters, we looked at a more typical implementation of random forests that is based on
classification, but here we're going to attempt to predict the share counts. We could
consolidate our share classes into ranges, but it is preferable to use regression when dealing
with continuous variables, which is what we're working with here.

To begin, we'll create a bare-bones model. We'll use the number of images, the site, and the
word count. We'll train our model in terms of the number of Facebook likes. We're also
going to be splitting our data into two sets: a training set and a test set.

First, we'll import the scikit-learn library, and then we'll prepare our data by removing the
rows with nulls, resetting our index, and finally splitting the frame into our training and
test set:

from sklearn.ensemble import RandomForestRegressor

all_data = dfc.dropna(subset=['img_count', 'word_count'])
all_data.reset_index(inplace=True, drop=True)

train_index = []
test_index = []
for i in all_data.index:
result = np.random.choice (2, p=[.65, .35])
if result == 1:
test_index.append (i)
else:
train_index.append (i)

We used a random number generator with a probability set for approximately two-thirds
and one-third to determine which row items (based on their index) would be placed in
each set. Setting the probabilities like this ensures that we get approximately twice the
number of rows in our training set compared to the test set. We can see this in the following

code:

print ('test length:', len(test_index), '\ntrain length:', len(train_index))

[210]



Predict whether Your Content Will Go Viral Chapter 6

The preceding code generates the following output:

test length: 152
train length: 233

Now, we'll continue with preparing our data. Next, we need to set up categorical encoding
for our sites. Currently, our DataFrame has the name for each site represented with a string.

We

need to use dummy encoding. This creates a column for each site, and if the row has

that particular site, then that column will be filled with a 1, while all the other columns for
sites will be coded with a 0. Let's do that now:

sites = pd.get_dummies (all_data['site'])

sites

The preceding code generates the following output:

Asbury .
ABC BBC Boredom . Business BuzzFeed
News PI:::; News Bloomberg.com Therapy Breitbart Insider BuzzFeed Community CNN
0 0 0 0 0 0 0 0 1 0 0
1 0 0 0 0 0 0 0 1 0 0
2 0 0 0 0 0 0 0 0 0 0
3 0 0 0 0 0 0 0 0 0 0
4 0 0 0 0 0 0 0 1 0 0
5 0 0 0 0 0 0 0 0 0 0
You can see from the preceding output how the dummy encoding appears.
We'll now continue:
y_train = all_data.iloc[train_index]['fb'].astype (int)
X_train_nosite = all_data.iloc[train_index][['img_count', 'word_count']]

X_train = pd.merge (X_train_nosite, sites.iloc[train_index],
left_index=True, right_index=True)

y_test = all_data.iloc[test_index]['fb'].astype (int)
X_test_nosite = all_data.iloc[test_index][['img_count', 'word_count']]
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X_test = pd.merge (X_test_nosite, sites.iloc[test_index], left_index=True,
right_index=True)

With that, we've set up our X_test, X_train, y_test, and y_train variables. Now, we're
going to use our training data to build our model:

clf = RandomForestRegressor (n_estimators=1000)
clf.fit (X _train, y_train)

With those two lines of code, we have trained our model. Let's use it to predict the
Facebook likes for our test set:

y_actual = y_test

deltas = pd.DataFrame (list (zip(y_pred, y_actual, (y_pred -
y_actual) /(y_actual))), columns=['predicted',K 'actual', 'delta'])
deltas

This code generates the following output:

predicied  achial delta
O 20050850 400000 -D2TENES
1 S ROD  FWE0O0 DS4ESER
2re984 00 383000 -02TCARD
2130900 33000 -DA4ERTD
25823500 A7 -0305000
SM20600 ITHOD  -D2ESSEE

24544000  ATE000 -034E042

= i =™ & W R

24948800 37000 -D34016T
22E134.00 352000 -D351324
2152300 36000 -0UIE0434

[ ]

10 J20EE.00 358000 -0.10E36D
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Here, we can see the predicted values, the actual value, and the difference as a percentage
side by side. Let's take a look at the descriptive stats for this:

deltas['delta'] .describe ()

The preceding code generates the following output:

count 153 . 000300
mean L T
atd b.52562%9
mimn -0 . 641433
45N -0, 286933
2l .02 22
-1 0.301447
max &.68B8333
Hame: delta, dtype: floathd

This looks amazing. Our median error is 0! Well, unfortunately, this is a particularly useful
bit of information as errors are on both sides—positive and negative—and tend to average
out, which is what we can see here. Let's look at a more informative metric to evaluate our
model. We're going to look at root mean square error as a percentage of the actual mean.

Evaluating the model

To illustrate why this is more useful, let's run the following scenario on two sample series:

a
b

= pd.Series([10,10,10,10])
= pd.Series([12,8,8,12])

np.sqrt (np.mean ( (b-a) **2) ) /np.mean (a)

This generates the following output:

0.2
Now, compare that to the mean:
(b—a) .mean ()
This generates the following output:
0.0
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Clearly, the latter is the more meaningful statistic. Now, let's run it for our model:

np.sqrt (np.mean ( (y_pred-y_actual) **2)) /np.mean (y_actual)

This generates the following output:

3.73B14403%00259351

Suddenly, our awesome model looks a lot less awesome. Let's take a look at some of the
predictions our model made versus the actual values that can be seen in the data:

deltas|[['predicted',6 'actual']].iloc[:30, :].plot (kind='bar', figsize=(16,8))

The preceding code generates the following output:

DL - e
ol e
[
O
RN
] - |
it B o - a 5 " * oA A s fARE 8. D HE B RA X AR R.§ R

Based on what we can see here, the model—at least for this sample—tends to modestly
underpredict the virality of the typical article, but then heavily underpredicts the virality
for a small number. Let's see what those are:

all_data.loc[test_index[:30],['title', 'fb']].reset_index (drop=True)
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The preceding code results in the following output:

{0 b
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25 Hussoand Sor Ha Cant Afloed His Wie &4 A Suxp-Al-Homa Ko And Hig Remsaning Adds Uip. Bag Timee. 5530000
= kian's pres phoan heftc sion goss Wl J0ROOG.0
F1 Seares Proess Sascrts Ane e toay S Wil Irporar Mamibess of Um Basd - Hane's Wiy | 2080000
o T Prpseid Meleor Showsr Padks TGHIGHT « Don'T Miss i 2950000
™ QU prolepscr Youthe afraction ic Rendem shmas sducntion fiom  FRI00I0

From the preceding output, we can see that an article on Malala and an article on a husband
complaining about how much his stay-at-home wife costs him greatly overshot the predicted
numbers of our model. Both would seem to have high emotional valence.

[215]



Predict whether Your Content Will Go Viral Chapter 6

Adding new features to our model

Now, let's add another feature to our model. Let's see whether adding the counts for words
will help our model. We'll use a CountVectorizer to do this. Much like what we did with
the site names, we'll be transforming individual words and n-grams into features:

from sklearn.feature_extraction.text import CountVectorizer

vect = CountVectorizer (ngram_range=(1,3))
X_titles_all = vect.fit_transform(all_data['title'])

X_titles_train = X titles_all[train_index]
X_titles_test = X titles_all[test_index]

X_test = pd.merge (X_test, pd.DataFrame (X_titles_test.toarray(),
index=X_test.index), left_index=True, right_index=True)

X _train = pd.merge (X_train, pd.DataFrame (X _titles_train.toarray(),
index=X_ train.index), left_index=True, right_index=True)

In the preceding lines, we have joined our existing features to our new n-gram features.
Let's train our model and see whether we have any improvement:

clf.fit (X _train, y_train)
y_pred = clf.predict (X_test)

deltas = pd.DataFrame (list (zip(y_pred, y_actual, (y_pred -
y_actual) /(y_actual))), columns=['predicted',K 'actual', 'delta'])

deltas
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This code generates the following output:

pne b s=iual dizhia

o ATFESA0 402000 G202

33nesG50  IeC000  -0E5013E

231500 FEANN  5385483
2o IEA000 -0 09T
2585830  ITA00N0 0308480
bbb B . P T R
281z86.0 3ITBOOD  -CL2G590
PEFEFSTH STU000 0L 2TROAE

2874380 DI -0 1EE

oD W = i B & S R

2055580  3EI000  -0.4321EE

JaTER0 D -DupanETe

=L
o

And if we check our error again, we will see the following;:

np.sqrt (np.mean ( (y_pred-y_actual) **2)) /np.mean (y_actual)

The preceding code generates the following output:

0.7142035714061063

So it appears that we have a modestly improved model. Let's add one more feature to our
model—the word count of the title:

all_data = all_data.assign(title_wc = all_data['title'].map(lambda x:
len(x.split (' "))))

X_train = pd.merge (X_train, all_data[['title_wc']], left_index=True,
right_index=True)

X_test = pd.merge (X_test, all_data[['title_wc']], left_index=True,
right_index=True)

clf.fit (X_train, y_train)
y_pred = clf.predict (X_test)

np.sqrt (np.mean ( (y_pred-y_actual) **2)) /np.mean (y_actual)
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This code generates the following output:

0. 71054508 B873634

It appears that each feature has modestly improved our model. There are certainly more
features we could add to it. For example, we could add the day of the week and the hour of
the posting, we could determine whether the article is a listicle by running a regex on the
headline, or we could examine the sentiment of each article. But this only just touches on
the features that could be important for modeling virality. We would certainly need to go
much further to continue reducing the number of errors in our model.

I should also note that we have done only the most cursory testing of our model. Each
measurement should be run multiple times to get a more accurate representation of the
actual error rate. It is possible that there is no statistically discernible difference between
our last two models since we only performed one test.

Summary

In this chapter, we examined what the common features of viral content are and how we
can build a model to predict virality using a random forest regression. We also learned how
to combine multiple types of features and how to split our model into training and test sets.

Hopefully, you will take what you've learned here to build the next viral empire. If that
doesn't work out, perhaps the next chapter on mastering the stock market will.
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Just recently, I was reading an article that described the tremendous success of a particular
treatment in combating the Methicillin-resistant Staphylococcus

aureus (MRSA) superbug. If you haven't heard of MRSA directly, it is likely you've heard
something about current concerns that we are headed toward a time when our antibiotics
will no longer be effective. This is largely an inevitable phenomenon that occurs because
some bugs in the population are genetically more resistant to the relevant drug. When bugs
that are susceptible to the drug are wiped out during treatment, the remaining drug-
resistant bugs then reproduce and become the dominant variant in the population. To
combat this, scientists are constantly pushing the boundaries of science to find new ways to
combat these bugs.

In biology, this situation is called a Red Queen's race: the term comes from a quote in
Lewis Carol's Through the Looking Glass:

"Now, here, you see, it takes all the running you can do, to keep in the same place.”

This effectively describes the situation we're in with antibiotics, but perhaps the answer is
not to be found in moving on to new, ever-more advanced drugs. Perhaps the answer
might be found in understanding the larger cycle at play and using it to our advantage.

That new treatment for MRSA I was discussing earlier? That was actually from a 10"
century book of medical potions called Bald's Leechbook. Among the listed ingredients
were garlic, wine, and onions. This combination was found to have surpassed the results
for our current treatment-of-last-resort, vancomycin.

But what does any of this have to do with forecasting the stock market? I would like to
suggest that the very same phenomenon is at play in both scenarios. For example, every so
often, a paper is published that alerts the financial world to the existence of a phenomenon
that is a profitable anomaly. Most likely, this phenomenon is the downstream effect of some
externally imposed, real-world constraint.
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Take, for example, year-end tax loss sales. Because of the nature of tax laws, it makes sense
for traders to sell their losses at the end of the year. This imposes downward price pressure
on losing stocks toward year end. The falling prices then mean the stocks can be discounted
beyond their fair value. This also means that, in January, the downward pressure is gone,
replaced by upward pressure as new money is put to work in these undervalued assets. But
once that phenomenon has been broadcast, it only makes sense for traders to attempt to get
ahead of it and begin buying those stocks in late December and selling to those other
traders who are expected to be buyers in January. These new traders, by entering the
market, have now diluted the effect. They are relieving the year-end selling pressure and
decreasing the January buying pressure. The effect is essentially arbitraged away right
along with the profitability. What once worked no longer works and traders will begin to
abandon the strategy and move on to the next new thing.

By now, I hope you are beginning to see the parallels. It is likely that the garlic, wine, and
onions combination was once a very effective cure for bacterial infections that gradually
lost its effectiveness as the bacteria adapted. Having been abandoned long ago as a cure,
the bacteria had no reason to avoid the original genes that made them susceptible to this
treatment. There are real-world constraints that make it nearly inevitable that these types of
cycles will occur—both in living organisms and in markets. The key is to use this to our
advantage.

In this chapter, we'll spend some time discussing how to build and test a trading strategy.
We'll spend even more time, however, on how not to do it. There are countless pitfalls to
avoid when trying to devise you own system, and it is nearly an impossible task, but it can
be a lot of fun, and sometimes it can even be profitable. With that said, don't do dumb
things such as risking money you can't afford to lose.

If you do decide to use anything you learned here to trade, you're on your
own. This shouldn't be deemed investment advice of any kind, and I
accept no responsibility for your actions.

In this chapter, we will cover the following topics:

¢ Types of market analysis
e What does research tell us about the stock market?
e How to develop a trading system
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Types of market analysis

Let's begin with a discussion of some key terms and methods of analysis when dealing with
financial markets. Though there are countless financial instruments, including stocks,
bonds, ETFs, currencies, and swaps, we'll limit our discussion to stocks and the stock
market. A stock is simply a fractional share of ownership in a public company. The price of
a stock is expected to increase when future prospects for the company rise, and decrease as
these prospects decline.

There are generally two camps that investors fall into. The first are the fundamental
analysts. These analysts pore through company financials looking for information that
indicates that, somehow, the market is undervaluing the shares of the company. These
investors look at various factors, such as revenue, earnings, and cash flow, and various
ratios of the values. This frequently involves looking at how one company's financials
compare to another's.

The second camp of investors is the technical analysts. Technical analysts believe that share
prices already reflect all publicly available information and that looking through the
fundamentals is largely a waste of time. They believe that by looking at historical
prices—stock charts—you can see areas where prices are likely to rise, fall, or stagnate.
Generally, they feel that these charts reveal clues to investor psychology.

What both groups have in common is an underlying belief that the right analysis can lead
to profits. But is that true?

What does research tell us about the stock
market?

Perhaps the most influential theory of the stock market over the last 50 years is that of the
efficient market hypothesis. This theory, developed by Eugene Fama, stipulates that
markets are rational and that all the available information is appropriately reflected in stock
prices. As such, it is impossible for an investor to consistently beat the market on a risk-
adjusted basis. The efficient market hypothesis is often discussed as having three forms: a
weak form, a semi-strong form, and a strong form:

1. In the weak form, the market is efficient in the sense that you cannot use past
information from prices to predict future prices. Information is reflected in stocks
relatively quickly, and while technical analysis would be ineffective, in some
scenarios, fundamental analysis could be effective.
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2. In the semi-strong form, prices immediately reflect all relevant new public
information in an unbiased manner. Here, neither technical nor fundamental
analysis would be effective.

3. And finally, in the strong form, stock prices reflect all public and private
information.

Based on these theories, there isn't much hope of making money by exploiting patterns in
the market. But fortunately, while the market operates in a largely efficient manner on the
whole, distinct pockets of inefficiency have been uncovered. Most of these tend to be
ephemeral, but some have been documented as persisting. One of the most
noteworthy—even according to Fama—is the outperformance of momentum strategies.

So, what exactly is a momentum strategy?

There are a number of variations on the theme, but the basic idea is that stocks are ranked
from the highest to lowest according to their return over a prior period. The top-ranked
performers are bought and held for a period of time, and then the process is repeated after
a fixed holding period. A typical long-only momentum strategy might involve buying the
top 25 performing stocks in the S&P 500 over the past year, holding them for a year, selling
them, and then repeating the process.

This may sound like an absurdly simple strategy, and it is, but it has consistently returned
results that defy expectation. But why? As you can imagine, a lot of research has examined
this effect, and the hypothesis is that there is something inherently systemically biased
about how humans deal with new information. The research suggests they underreact to
news in the short term and then overreact to news in the long term. This means that, when
stocks begin to rise on exceptionally good news, investors don't fully elevate the share price
to the level that would fully reflect this news; it takes time for them to come around to
incorporating this rosy outlook.

This tendency of investors to fail to adequately reprice shares in the face
of exceedingly good news may be the result of a well-documented bias
called the anchoring effect. Essentially, when presented with a number,
even a random number, and then asked to estimate a real-world value,
such as the number of countries in Africa, for instance, our answer will be
mentally tethered to that number we were primed with. Remarkably, this
happens even if we know the number is randomly generated and
unrelated to the question.
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So, will momentum strategies be arbitraged away as more traders learn of it and pile in?
There has been some evidence of this in recent years, but it remains unclear. Regardless, the
effect was demonstrably real and persisted far longer than can currently be accounted for
by the efficient market hypothesis. So, there at least appears to be some hope for market
prediction. With that in mind, let's now move on to exploring how we might go about
unearthing our own market anomalies.

How to develop a trading strategy

We'll begin our strategy development by focusing on the technical aspects. Let's take a look
at the S&P 500 over the last few years. We'll use pandas to import our data. This will give
us access to several sources of stock data, including Yahoo! And Google.

1. First, you'll need to install the data reader:
!'pip install pandas_datareader

2. Then, go ahead and incorporate your imports:
import pandas as pd
from pandas_datareader import data, wb

import matplotlib.pyplot as plt

$matplotlib inline
pd.set_option('display.max_colwidth', 200)

3. Now, we'll get our data for the spy ETF, which represents the stocks of the S&P
500. We'll pull data from the start of 2010 through December 2018:

import pandas_datareader as pdr

start_date = pd.to_datetime('2010-01-01")
stop_date = pd.to_datetime('2018-12-01")

spy = pdr.data.get_data_yahoo('SPY', start_date, stop_date)
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This code generates the following output:

High Low Oipeeny Clasze Volume  Adj Close
Date

20ri0-07-04 173389808 111510002 MEITE00E 19330002 119446000 94548494
20M0-01-05 113.650000 112848998 113IZ60002 113629897 11157980000  94.785704
20M0-01-08  113.889908 1134350000 113518957 113.709088 11607440000 2 O4.8683526
2M0-01-07 1714330007 11318000 113500000 114980002 1310811000 95263955
20-0n-08 174620003 113660004 1AHAEEEE 14870000 1268028000 9RSTVEEN
20M0-0n=11 115129887 1142309868 115080002 114730003 0E3TSTO00 85713455
2r0-0i-12 1142098685 113220001 113870001 113.680004 18333350000  od.82080H
2010-01-13 174840002 113370003 113846887 174620003 1612220000 95621636
210-Dn-14 1715139598 142195988 114 489958 112930000 MISTRIABIO0. 98480545

4. We can now plot our data. We'll select only the closing price:

spy_c = spy['Close']

fig,

plt.title("SPY",

ax = plt.subplots(figsize=(15,10))
spy_c.plot (color="k')

fontsize=20);

5. This generates the following output:
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SPY

W““ﬁ

In the preceding diagram, we see the price chart of the daily closing price of the
S&P 500 for the period we selected.

Analysis of the data

Let's run some analysis to see what the returns over this period might have been had we
invested in this ETF:

1. We'll pull data for the first_open first:

first_open = spy['Open'].iloc[0]
first_open

This generates the following output:

| 112.37000274658203
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2. Next, let's get the closing price on the final day of the period:

last_close = spy['Close'].iloc[-1]
last_close

This generates the following output:

275.6499935964844

3. And finally, let's see the change over the full period:

last_close - first_open

This generates the following output:

163.279391 14590234

So, it appears that a purchase of 100 shares at the start of the period would have cost us
approximately $11,237 and, at the end of the period, those same 100 shares would have
been valued at roughly $27,564. This transaction would have given us a gain of just a bit
over 145% over the period. Not too bad at all.

Let's now take a look at the return over the same period for just the intraday gains. This
assumes we buy the stock at the opening of each day and sell it at the close of that same
day:

spy['Daily Change'] = pd.Series(spy['Close'] - spy['Open'])
That will give us the change from the open to the close each day. Let's take a look at that:

spy['Daily Change']
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This generates the following output:

Date

20L0=01=04 0.955999
20L0-01-05 0. 369995
Z0L0-01-D& . 190002
20L0=01=07 0. &90002
20L0=-01=-08 . 6E0GO0
£0L0-01-11 - 3459334
2010=01=12 =0, 30599398
2010=01=13 Q. 670006

£0L0-01-14 LU £ Rl
2010=01=173 =1.090004
L0i0=01=19 1.435%395

d0L0-01-20 -0. 385999
2000-01-21  -2.2200401
2010=01=22 =1.989998
2010-01-25 -0. 440002
2010-01-26  -0.029%99
20L0=01=27 D.E60004
20L0-01-28 -1.620003

Let's now total those changes over the period:

spy['Daily Change'].sum()

This generates the following output:

53.369949340B2031

So, as you can see, we have gone from a gain of over 163 points to one of just over 53 points.
Ouch! More than half the market's gains came from holding overnight during the period.

Volatility of the returns

The overnight returns were better than the intraday returns, but how about the volatility?
Returns are always judged on a risk-adjusted basis, so let's see how the overnight trades
compared to the intraday trades on the basis of their standard deviation.
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We can use NumPy to calculate this for us as follows:
np.std(spy['Daily Change'])

This generates the following output:

1.3077TTLT572417953

spy['Overnight Change'] = pd.Series(spy['Open'] - spy['Close'].shift (1))
np.std(spy['Overnight Change'])

This generates the following output:

0.%355729837546058

So our overnight trading not only had higher gains, but lower volatility as well, compared
to the intraday trading. But not all volatility is created equal. Let's compare the mean
change on downside days versus upside days for both strategies:

spy[spy['Daily Change']<0]['Daily Change'] .mean()

This code generates the following output:

=0 HEISHSTIZTRZLIELY

Run this code for upside days:

spy[spy['Overnight Change']<0]['Overnight Change'] .mean()

We get the output as follows:

-0.6729057274054532

Again, we see that the average downside volatility is far less for our overnight trading
strategy than our intraday trading strategy.
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Daily returns

So far, we have looked at everything in terms of points, but let's now look at daily returns.
This will help put our gains and losses into a more realistic context. Let's create a pandas
series for each scenario: daily returns (close to close change), intraday returns, and
overnight returns:

daily rtn = ((spy['Close'] -
spy['Close'] .shift (1)) /spy['Close’'].shift (1))*100

((spyl['Close'] - spyl['Open'])/spy['Open'])*100
((spy['Open'] - spy['Close'].shift(1l))/spy['Close'].shift(1))*100

id_rtn
on_rtn

What we've done is use the pandas .shift () method to subtract each series from the prior
day's series. For example, for the preceding first series, we are subtracting the close from
the close one day before for each day. This will result in one less data point. If you print out
the new series, you can see this as follows:

Daily_rtn

This generates the following output:

Date

2010=-01=-04 Hak
20 L0=-01-035 0.264T10
2010=01=08 b, 070406
2010=0L=07 B.4232129
F010-01-08 B.332T76
LU10-01-11 b.13%656
2010-01-12 -0.932624
2010=-01-13 b.E4d623
20L0=01=-14 0.2T045T
2010=01=15 =l.022423

£010=01=19 1-.249558
2019-01-240 -1.016859
Z010-01-21 -1.%22%10

2010-01-22 -2. 223183
2010=-01-25 b.512T7T71
2010=01=24 =0, 415057
2010=0L=27 B.4TETLS
£ 10-01-£d -l.E4MEdd
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Statistics for the strategies

Let's now take a look at the statistics for all three strategies. We'll create a function that can
take in each series of returns, and will print out the summary results. We're going to get
statistics for each of our winning, losing, and break-even trades, and something called the
Sharpe ratio. I said earlier that returns are judged on a risk-adjusted basis; this is exactly
what the Sharpe ratio provides us with; it is a method of comparing returns by accounting
for the volatility of those returns. Here, we use the Sharpe ratio with an adjustment to
annualize the ratio:

def get_stats(s, n=252):

s = s.dropna()

wins = len(s[s>0])

losses = len(s[s<0])

evens = len(s[s==0])

mean_w round(s[s>0] .mean(), 3)

mean_1 round(s[s<0] .mean(), 3)

win_r = round(wins/losses, 3)

mean_trd = round(s.mean(), 3)

sd = round(np.std(s), 3)

max_l = round(s.min(), 3)

max_w = round(s.max (), 3)

sharpe_r = round((s.mean()/np.std(s))*np.sqgrt(n), 4)

cnt = len(s)

print ('Trades:', cnt,\
'\nWins:', wins,\
'\nLosses:', losses,\
'\nBreakeven:', evens, \
'\nWin/Loss Ratio', win_r,\
'\nMean Win:', mean_w,\
'\nMean Loss:', mean_1,\
'\nMean', mean_trd, \
'\nStd Dev:', sd,\
'\nMax Loss:', max_1,\
'\nMax Win:', max_w, \
'\nSharpe Ratio:', sharpe_r)

Let's now run each strategy to see the stats. We'll start with the buy-and-hold strategy
(daily returns) and then move onto the other two, as follows:

get_stats(daily_rtn)
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This generates the following output:

Tradeg: 2244

Wins: 1228

Losaesg: 1006
Breakeven: 10
Win/Loss Hatle 1.221
Mean Win: 0.628

Mean Loss: =-0.668
Mean 0.044

5td Dev: 0.93

Max Lo=s: =6.512

Max Win: 4.65

Sharpe Ratio: 0.7503

Run the following code for intraday returns

get_stats (id_rtn)

This generates the following output:

Trades: 2245

Wins: 1223

Losses: 1004
Breakeven: 18
WinfLoss Ratioc 1.218
Mean Win: 0.477

Mean Logs: -0.541
Mean D.D1E

Btd Dev: 0.723

Max Lo=s: =-d4.1%98

Max Win: 3I.683
Sharpe Ratioc: 0.3%65

Run the following code for overnight returns:

get_stats (on_rtn)
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This generates the following output:

Trades: ZZ44

Wine: 12032

Losses: 1005
Breakeven: 17
Win/Loaa Ratio 1.196
Mean Win: {.376
Mean Loss: =0.392
Mean D026

Std Dav: 0.556

Max Loss: =1.406
Max Winr 4.09
Sharps Hatie: 0.745

As you can see, the buy-and-hold strategy has the highest mean return, as well as the
highest standard deviation, of the three. It also has the largest daily drawdown (loss). You
will also notice that, even though the overnight-only strategy has a higher mean return than
the intraday strategy, it also has substantially less volatility. This, in turn, gives it a Sharpe
ratio that is higher than the intraday strategy.

At this point, we have a solid baseline for comparing our future strategies. Now, I am going
to tell you about a strategy that blows all three of these strategies out of the water.

The mystery strategy

Let's take a look at the statistics for this new mystery strategy:

Tradaes: 2244

Wing: 6827

Logzear 454
Braakevaen: 1163
Win/Loss Ratic 1.381
Mean Win: 0.679
Mean Loss: =0.4639
Mean 0.061

S5td Dev: 0.643

Max Loss: -3.949

Max Wim: 5.848
Sharpe Ratio: 1.4947
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With this strategy, I have essentially doubled the Sharpe ratio over buy-and-hold, lowered
the volatility substantially, increased the max win, and reduced the max loss by a
significant level.

And how is it that I devised this market-trouncing strategy? Wait for it... I did it by
generating 5,000 random overnight signals and picked the best one.

This is obviously not the way to beat the market. So why then did I do it? To demonstrate
that, if you test enough strategies, just by random chance you will come across a number
that appears to be amazing. This is the called the data mining fallacy, and it is a real risk in
trading strategy development. That is why it is so important to find a strategy that is
anchored to real-world investor biases and behaviors. If you want an edge in trading, you
don't trade the markets; you the trade people who trade markets.

An edge then comes from thoughtfully understanding how people might react incorrectly
to certain situations.

Let's now extend our analysis. First, we'll pull data for the index beginning with the year
2000:

start_date = pd.to_datetime('2000-01-01"')
stop_date = pd.to_datetime('2018-12-01")

sp = pdr.data.get_data_yahoo('SPY', start_date, stop_date)

Let's now take a look at our chart:

fig, ax = plt.subplots(figsize=(15,10))
sp['Close'] .plot (color="k')
plt.title("SPY", fontsize=20)
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This generates the following output:

SPY

Here, we see the price action for the SPY from the start of 2000 until December 1, 2018.
There has certainly been a lot of movement during that period as the market has
experienced both highly positive and highly negative regimes.

Let's get our baseline for our new expanded period for our three base strategies.

First, let's set up our variables for each:

long_day_rtn = ((sp['Close'] -
sp['Close'] .shift (1)) /sp['Close'].shift (1)) *100

long_id_rtn = ((sp['Close'] - sp['Open'])/sp['Open'])*100

long_on_rtn = ((sp['Open'] -
sp['Close'] .shift (1)) /sp['Close'].shift (1)) *100

Now, let's see what the point totals are for each:

(sp['Close'] — sp['Close'].shift (1)) .sum()
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This generates the following output:

130.2L24%3E9648438

Now, let's see what the point totals are for open to close:

(sp['Close'] — sp['Open']) .sum()

This generates the following output:

-26.9024658203125

Now, let's see what the point totals are for close to open:

(sp['Open'] - sp['Close'].shift (1)) .sum()

This generates the following output:

154.30245971679644

And now let's look at the statistics for each:

get_stats (long_day_rtn)

This generates the following output:

Tradeg: 4739

Wing: 2552

Losses: 21848
Breakeven: 1%
Win/Less Ratie 1.1BE
Maan Win: 0.7a89

Mean Loss: -D0.B852
Mean 0.021

Std Dewv: 1.211

Masx Losgs: =-9.H45

Max Win: 14.52
Sharpe Hatio: 0.2722
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Now, let's look at the statistics for intraday returns:
get_stats (long_id_rtn)

This generates the following output:

Trades: 4760

Wins: 2500

Lossos: 22213
Breakeven: 37
Win/Loss Ratis 1.125
Moan Win: 0.642
Mean Lopg: -0,.71%0
Mean 0,001

Std Dev: 1.002

Max Loss: -8.%91
Max Wing 8.435
Sharpe Ratioc: 0.01%]

Now, let's look at the statistics for overnight returns:

get_stats (long_on_rtn)

This generates the following output:

Trades: 4754

Wing: 2533

Losgeg: Z163
Breakeven: 63
Win/Loes Ratio 1.171
Hesan Win: 0.413

Mean Loss: =0.442
Mean Q.01%

Sktd Dev: 0.656

Max Loss: =8.322

Hax Winm: 6.068
Sharpe Ratior D.4601

We can see that the differences between the three are even more pronounced over the
longer period. Had you only held during the day over the past 18 years, you would have
lost money in this S&P ETF. Had you held only overnight, you would have improved your
total point returns by over 18%! Obviously, this presumes no trading costs and no taxes
along with perfect fills but, regardless, this is a remarkable finding.
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Building the regression model

Now that we have a baseline to compare with, let's build our first regression model. We're
going to start with a very basic model using only the stock's prior closing values to predict
the next day's close, and we're going to build it using a support vector regression. With
that, let's set up our model:

1. The first step is to set up a DataFrame that contains a price history for each day.
We're going to include the past 20 closes in our model:

for i in range(1l, 21, 1):
sp.loc[:, 'Close Minus ' + str(i)] = sp['Close'].shift (i)

sp20 = sp[[x for x in sp.columns if 'Close Minus' in x or x ==
'Close']].iloc[20:,]

sp20

2. This code gives us each day's closing price, along with the previous 20, all on the
same line. The result of our code is seen in the following output:

Chags =] Choss Chose Chosd Chose Chose Cizae Cizae
Winuws 1 Winl T Winus 3 Winus 4 Minus 5 Winus & Minus T Winus B Minus @

Dt
':':H;::I‘I 1THLEOTHN TS0 125075000 THLZH000 140012500 TN 140 MITME . 144437300 T4 TA0D 14T 000000
i?:i 1412500 140BITE00  13RGERE00  13LETRODD. 14020000 140BARS0D  141.83TI00 140343704 {48 AGTEDD 144 TEO00D
ﬁ 153187300 141022300 140EITE00 13RGERSDD. 13LBTRO00. 140250000 14012000 1418375000 140043704 144 AETEDD
ﬁ 142500704 143 1ETE00 141022500 140017500 138523500 135E7S000 140250000 140812500 141037500 140343704
2000
e2-ar

T4 ATS000 140 S0aF04 143 1ER500 141082500 140 03TE00 1305E2500 125HTSO00 140250008 1A0E12E00  141.937E0D

3. This will form the basis of the X array we will feed our model. But before we're
ready for that, there are a few additional steps.

4. First, we'll reverse our columns so that time runs from left to right:
sp20 = sp20.iloc[:,::-1]

sp20
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This generates the following output:
Cinsa Ciuts Cacan Gican Glaas Giosm Ciuan Gram Gioern Gicas
Minus 20 Minus 18 Misus 18 Misus 17 Mines 18 Mims 18 Minus 14 Minus13 Mibus1® M 1
Ll ]
ﬂ 145437600 | 1B3TEOM0 140000000 137750000 145750000 14ESG0000. 144500000 1ELDIZSD0 145000000 14605470
mroe TS0 14000000 137.7SD000 14570000 14AIS0000 144500000 L4IOAIGO0 145000000 14E.0S7D4 145812500
ﬁ OO0 HT.MHEND 1AL TE0000 14ERI0000 148500000 1430500 LaSOD0E TS BEETIM  TASAIZSN0  14T.IKNO
ﬂ BT OO0 Ra MDD TASPRINN0 144 500000 143 NENH T4 000000 NRSHETIE  TEERENPROD  VAT000000 148 TR
ﬂ LASTRONN  PALEGINID ALGOOOND {43DGEEOD 14GO0000N {4NSGATCA LEREIEGO0 VET.OO0000 144TEOODD 144 A3TEOO

5. Now, let's import our support vector machine and set our our training and test
matrices and vectors:

from sklearn.svm import SVR

clf =

X_train
y_train

X_test
y_test

sp20[:-2000]

sp20[-2000:]

SVR (kernel="'linear')

sp20['Close'] .shift (-1) [:-2000]

sp20['Close'] .shift (-1) [-2000:]

6. We had just 5,000 data points to work with, so I chose to use the last 2,000 for
testing. Let's now fit our model and use it to check out-of-sample data:

model =

preds =

clf.fit (X_train,

y_train)

model.predict (X_test)

7. Now that we have our predictions, let's compare them to our actual data:

tf = pd.DataFrame (list (zip(y_test, preds)),
'Predicted Next Close'],

Close',

tf

columns=[ 'Next Day
index=y_test.index)
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The preceding code generates the following output:

Date
101222
201123
H010-12-27
2010-12-28
010-12-25
010-12-30
H0-12-0n
2011-01-03

2011 =01 <0

Hext Day Closs  Predicied Next Gloss

120,049
125, 650002
125, B30002
125,91549348
125. 720001
126, TS0000
127.050003
126, 8501003

127, GxBga

185 H2608D
125883511
125. 7 0EA5E
1758352487
1 25.8497 1M
135750837
125 BOOSE4

137 NDESTE

126 886705

Performance of the model

Let's now look at the performance of our model. We're going to buy the next day's open if
the close is predicted to be higher than the open. We'll then sell at the close that same day.
We'll need to add a few extra data points to our DataFrame to calculate our results, as

follows:
cdc = sp[['Close']].iloc[-1000:]
ndo = sp[['Open']].iloc[-1000:].shift(-1)
tfl = pd.merge (tf, cdc, left_index=True,
tf2 = pd.merge (tfl, ndo, left_index=True,

tf2.columns = ['Next Day Close',

Close', 'Next Day Open']

tf2

[239]
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This generates the following output:

Haxt Day Close  Prodicted Noxt Close  Current Doy Close  Next Day Open
Date

20-12-22 125, 559598 125.B3E0ED 125 e pPaclcals =]
HrD-12-23 128, BE000T 1258836191 125 Sers 1I5 139007
ZOAD-12-27 12580002 125, 706853 125 G002 125 20002
S0-12-28 125 510650 128, 838447 128 B0 155 SO0
H¥I-12-29 128, T2000E 125848770 125919908 125 B0O00g
SH0-12-30 125, THE000 135, 750937 175 730001 135 ST 0
20ri-12-31 127050003 125800584 125, 790000 126 T00
M s-0n-03 126 BRC00D 120 DG EE T IS EF A0
I E-00-0d 127.62995% 126 988 TDE 1205 a0neE 1HE BB0E

Here we'll add the following code to get our signal and our profit and loss for the signal:

def get_signal(r):
if r['Predicted Next Close'] > r['Next Day Open']:

return 1

else:

return 0

def get_ret (r):
if r['Signal'] == 1:
return ((r['Next Day Close'] - r['Next Day Open'])/r['Next Day
Open']) * 100
else:

tf2
tf2

tf2

return 0

tf2.assign(Signal =
tf2.assign(PnL = tf2

tf2.apply(get_signal, axis=1))

.apply (get_ret,

axis=1))
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This generates the following output:

Mext Day Close  Predicted Next Close  Current Day Closa  MNext Day Open  Signal PrL
Date

2010-12-22 1255599098 125 836080 125, 77509 12563050 1 -0.3%833
2010-12-23 125650002 125.883611 125, 59095 125.128587 T 04155
2Ma-12-271 1205 830002 125, T0GES] 185, BhlOnE 125, 20000 0 0030000
2010-12-28 125 919944 125 838451 125, B 175, 580003 0 0.0
2010-12-20 126 000 125848771 185,91 5658 13580003 1 0062554
H10-12-30 125. 750000 125750827 125. 720001 125.528630 1 0.175258
210-12-31 127080003 126.80{0584 125. 750000 126, T0eean 0 0.000000
2011-01-03 126880003 127002578 127, 05000s 127 330002 0 0.000000
2011 -01-04 127639098 126,598 705 126, Ba0a0s 126, 58000 1 0.E3IT4E3

Let's now see whether, using just the price history, we were able to successfully predict the
next day's price. We'll start by calculating the points gained:

(t£2[tf2['Signal']==1]['Next Day Close'] - tf2[tf2['Signal']==1]['Next Day
Open']) .sum()

This generates the following output:

=T.41014B86206054E9

Ouch! This looks bad. But what about the period we tested? We never evaluated it in
isolation. How many points would our basic intraday strategy have generated during the

last 2,000 days:

(sp['Close'] .iloc[-2000:] - sp['Open'].iloc[-2000:]) .sum()

This generates the following output:

45.95908464355469
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So it looks as if our strategy is abysmal. Let's compare the two.

First, the basic intraday strategy for the period:

get_stats((sp['Close'].iloc[-2000:] -
sp['Open'].iloc[-2000:])/sp['Open'].iloc[-2000:] * 100)

This generates the following output:

Trades: 2000

Wins: 1084

Logses: 00
Breakaveans 16
Win/Loss Ratio 1.204
Mean Winm: 0.461

Moan Loss: =0.518
Mman 0.0L7

Std Dev: 0.702

Max Loee: -4.106

Max Win: 3.683
Sharpe Ratios 0,.378%

And now the results for our model:

get_stats (t£f2['PnL'])

This generates the following output:

Tradea: Z000

Wins: 445

Lossea: 407
Breakeven: 1108
Win/Loas Ratio 1.192
Mean Win: 0.461
Mean Loas: -0.5749
Mean -0.00L

Std Dev: 0.507

Max Loss: -4.0848

Max Win: 3.6B3
Sharpe Ratio: -0.0401
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It's clear our strategy is not one we would want to implement. How might we improve
what we have here? What if we modified our trading strategy? What if we only took trades
that, instead of just being any amount greater than the open, were expected to be greater by
a point or more. Would that help? Let's try it. We'll re-run our strategy with a modified
signal, as demonstrated in the following code block:

def get_signal(r):
if r['Predicted Next Close'] > r['Next Day Open'] + 1:
return 1
else:
return 0

def get_ret (r):
if r['Signal'] ==
return ((r['Next Day Close'] — r['Next Day Open'])/r['Next Day
Open']) * 100

else:
return 0
tf2 = tf2.assign(Signal = tf2.apply(get_signal, axis=1))
tf2 = tf2.assign(PnL = tf2.apply(get_ret, axis=1))

(tf2[tf2['Signal']==1]['Next Day Close'] - tf2[tf2['Signal']==1]['Next Day
Open']) .sum()

This generates the following output:

-B.640205383300781

And now the stats:

get_stats (t£f2['PnL'])
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This generates the following output:

Trades: 2000

Wina: 98

Logges: 141
Breakeven: 1E01
Win/Loss Ratio 0.97
Mean Wim: 0.746
Mean Loss: =0.307
Mean -0.004

Sta Dews 0.33E

Max Lboas: —3.%77
Max Win: 3.6B3
Sharpe Ratior =0,19287

We have gone from bad to worse. It appears that, if past price history suggests good things
to come, you can expect precisely the opposite. We seem to have developed a contrarian
indicator with our model. What if we explore that? Let's see what our gains would look like
if we flipped our model so that, when we predict strong gains, we don't trade, but
otherwise we do:

def get_signal(r):
if r['Predicted Next Close'] > r['Next Day Open'] + 1:
return 0
else:
return 1

def get_ret (r):
if r['Signal'] ==
return ((r['Next Day Close'] - r['Next Day Open'])/r['Next Day
Open']) * 100
else:
return 0

tf2
tf2

tf2.assign(Signal = tf2.apply(get_signal, axis=1))
tf2.assign(PnL = tf2.apply(get_ret, axis=1))

(tf2[tf2['Signal']==1]['Next Day Close'] - tf2[tf2['Signal']==1]['Next Day
Open']) .sum()

This generates the following output:

45.9B9BR464055460
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Let's get our stats:

get_stats (t£f2['PnL'])

This generates the following output:

Trades: 1999

Wing: 985

Losses: 799
Breakeven: 215
Win/Loss Batio 1.233
Maan Winm: 0.433

Mean Loss: =0.481
Mean 0.D21

Std Dev: 0.615

Hax Loas: -4.196
Max Win: 3.594
Sharpe Ratic: 0.5387

It looks like we do have a contrarian indicator here. When our model predicts strong next-
day gains, the market significantly underperforms, at least during our test period. Would
this hold in most scenarios? Unlikely. Markets tend to flip from regimes of mean reversion
to regimes of trend persistence.

At this point, there are a number of extensions we could make to this model. We haven't
even touched on using technical indicators or fundamental data in our model, and we have
limited our trades to one day. All of this could be tweaked and extended upon, but there is
one important point we have not addressed that must be mentioned.

The data we are working with is of a special type called time series data. Time series data
requires special treatment to properly model it, as it typically violates the assumptions
required for statistical modeling, such as a constant mean and variance.

One consequence of improperly handling time series data is that error metrics give wildly
inaccurate measures. Because of significant autocorrelation, in other words, the data in the
next period is highly correlated with data in the current period, it appears that we have
achieved much better predictions than we actually have.

To address these issues, time series data is often differenced (in the case of stock data, this
would mean we look at the daily change, not the absolute level of the index) to render it as
what we call stationary; that is, it has a constant mean and variance and lacks significant
autocorrelation.
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If you intend to pursue working with time series data, I implore you to research these
concepts in more detail.

Dynamic time warping

Next, however, I want to introduce another model, which uses a completely different
algorithm. This algorithm is called dynamic time warping. What it does is give you a
metric that represents the similarity between two time series:

1. To get started, we'll need to pip install the fastdtw library:
!'pip install fastdtw

2. Once that is installed, we'll import the additional libraries we'll need:

from scipy.spatial.distance import euclidean
from fastdtw import fastdtw

3. Next, we'll create the function that will take in two series and return the distance
between them:

def dtw_dist(x, y):
distance, path = fastdtw(x, y, dist=euclidean)
return distance

4. Now, we'll split our 18 years' worth of time series data into distinct five-day
periods. We'll pair together each period with one additional point. This will serve
to create our x and y data, as follows:

tseries = []

tlen = 5

for i in range(tlen, len(sp), tlen):
pctc = sp['Close'] .iloc[i-tlen:i] .pct_change() [1:].values * 100
res = sp['Close'].iloc[i-tlen:i+1] .pct_change () [-1] * 100
tseries.append( (pctc, res))

5. We can take a look at our first series to get an idea of what the data looks like:

tseries[0]
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This generates the following output:

(array([-3.91061453, 0,17889088, -1.60714286, 5.BOTG225 |},
0.34305317324185847)

6. Now that we have each series, we can run them all through our algorithm to get
the distance metric for each series against every other series:

dist_pairs = []
for i in range(len(tseries)):
for j in range(len(tseries)):
dist = dtw_dist (tseries[i] [0], tseries[j][0])
dist_pairs.append( (i, j,dist,tseries[i] [1], tseries[j][1]))

Once we have that, we can place it into a DataFrame. We'll drop series that have 0 distance,
as they represent the same series. We'll also sort according to the date of the series and look
only at those where the first series is before the second, chronologically speaking:

dist_frame = pd.DataFrame (dist_pairs, columns=['A',6 'B',6 'Dist', 'A Ret', 'B
Ret'])
sf =

dist_frame[dist_frame['Dist']>0].sort_values(['A', 'B']) .reset_index (drop=1)
sfe = sf[sf['A']<sf['B']]

And finally, we'll limit our trades where the distance is less than 1 and the first series has a
positive return:

winf = sfe[(sfe['Dist']<=l)& (sfe['A Ret']>0)]

winf
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This generates the following output:

D=t

A Rt

B Rt

108
66
ST

THE
814
8ET
S8E

824

[ T7BEM
LE0B3TE
a7
(LE32545
lLo48e12
D.r40197
0411795
0606585
ILGTEIS
0LEG7 108

1.53604432
1.360842
1.360842
1.360843
1.360843
1.360843
1.360843
1.360843
1.180863
1,180EES

-1.896072

D.410596
Quianszz

-1.447112

510458

0.B18056
O.STETZ0
0233613
2. BaG6A5
QETaR

Let's see what one of our top patterns (A:6 and B:598) looks like when plotted:

plt.plot (np.arange(4), tseries[6][0]);

The preceding code generates the following output:

-200 N\

oo 5 1a L5 A0 rk | i
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Now, we'll plot the second one:
plt.plot (np.arange(4), tseries[598][0])

The preceding code generates the following output:

.25

" l-11

As you can see, the curves are nearly identical, which is exactly what we want. We're going
to try to find all curves that have positive next-day gains and then, once we have a curve
that is highly similar to one of these profitable curves, we'll buy it in anticipation of another
gain.

Evaluating our trades

Let's now construct a function to evaluate our trades. We'll buy similar curves unless they
fail to return a positive result. If that happens, we'll eliminate them, as follows:

excluded = {}
return_list = []
def get_returns(r):
if excluded.get(r['A']) is None:
return_list.append(r['B Ret'])
if r['B Ret'] < O:
excluded.update ({r['A']:1})

winf.apply (get_returns, axis=1l);
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Now that we have all the returns from our trades stored in return_1ist, let's evaluate the
results:

get_stats (pd.Series (return_list))

This generates the following output:

Trades: 722

Wins: 435

Lopgea: 64
Broakeven: 1
Kin/Loge Hatio 1.532
Mean Win: G.564

Mesn Losa; -0.603
Maan 0.103

Std Dews: 0.792

Max Lopg: -3,.5%1

Max Winsz J.454
Sharpe Ratlo: 2.0628

These results are by far the best we've seen. The win/loss ratio and the mean are far above
our other models. It appears we may be on to something with this new model, especially
compared to the others we've seen.

At this point, to vet our model further, we should explore its robustness by examining other
time periods for our matches. Does extending beyond the four days improve the model?
Should we always exclude the patterns that generate a loss? There are an enormous
number of questions to explore at this point, but I'll leave this as an exercise for the reader.

Summary

In this chapter, we've looked at the inner workings of the stock market and explored a
number of ways to approach utilizing machine learning in a trading strategy. There is no
doubt the material in this chapter could fill a book itself. We even failed to cover some of
the most important aspects of trading, such as portfolio construction, risk mitigation, and
money management. These are critical components to any strategy, perhaps even more
important than trade signals.

Hopefully, this will serve as a jumping-off point for your own explorations, but again, I
caution you that beating the market is a nearly impossible game—one in which you are
competing against the brightest minds in the world. If you do decide to try, I wish you the
best of luck. Just remember that I warned you if it doesn't turn out like you hoped!
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Classifying Images with
Convolutional Neural Networks

In this chapter, we're going to explore the vast and awesome world of computer vision.

If you've ever wanted to construct a predictive machine learning model using image data,
this chapter will serve as an easily-digestible and practical resource. We'll go step by step
through building an image-classification model, cross-validating it, and then building it in a
better way. At the end of this chapter, we'll have a darn good model and discuss some paths
for future enhancement.

Of course, some background in the fundamentals of predictive modeling will help this to
go smoothly. As you'll soon see, the process of converting images into usable features for
our model might might feel new, but once our features are extracted, the model-building
and cross-validation processes are exactly the same.

In this chapter, we're going to build a convolutional neural network to classify images of
articles of clothing from the Zalando Research dataset—a dataset of 70,000 images, each
depicting 1 of 10 possible articles of clothing such as T-shirt/top, a pair of pants, a sweater, a
dress, a coat, a sandal, a shirt, a sneaker, a bag, or an ankle boot. But first, we'll explore
some of the fundamentals together, starting with image-feature extraction and walking
through how convolutional neural networks work.

So, let's get started. Seriously!.
Here's what we'll cover in this chapter:

¢ Image-feature extraction

e Convolutional neural networks:
¢ Network topology

¢ Convolutional layers and filters
e Max pooling layers
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e Flattening
e Fully-connected layers and output

e Building a convolutional neural network to classify images in the Zalando
Research dataset, using Keras

Image-feature extraction

When dealing with unstructured data, be it text or images, we must first convert the data
into a numerical representation that's usable by our machine learning model. The process of
converting data that is non-numeric into a numerical representation is called feature
extraction. For image data, our features are the pixel values of the image.

First, let's imagine a 1,150 x 1,150 pixel grayscale image. A 1,150 x 1,150 pixel image will
return a 1,150 x 1,150 matrix of pixel intensities. For grayscale images, the pixel values can
range from 0 to 255, with 0 being a completely black pixel, and 255 being a completely
white pixel, and shades of gray in between.

To demonstrate what this looks like in code, let's extract the features from our grayscale cat

burrito. The image is available on GitHub at https://github.com/PacktPublishing/
Python-Machine-Learning-Blueprints-Second-Edition/tree/master/Chapter08

as grayscale_cat_burrito. jpg.

I've made the image assets used throughout this chapter available to you
athttps://github.com/mroman09/packt-image—-assets. You can find our
cat burritos there!

Let's now take a look at a sample of this in the following code:

import matplotlib.image as mpimg
import matplotlib.pyplot as plt
import pandas as pd
$matplotlib inline

cat_burrito = mpimg.imread('images/grayscale_cat_burrito.jpg')
cat_burrito

If you're unable to read a . jpg by running the preceding code, just install
PIL by running pip install pillow.
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In the preceding code, we imported pandas and two submodules: image and pyplot,
frommatplotlib. We used the imread method from matplotlib.image to read-in the
image.

Running the preceding code gives us the following output:

array([[68, 68, 67, ..., 11, 10, 107,
[68, 68, 67, ..., 11, 11, 117,
[68, 68, 67, ..., 11, 11, 117,
[45, 45, 45, ..., 68, 68, 68],
[45, 45, 45, ..., 68, 68, 68],
[45, 45, 45, ..., 68, 68, 68]], dtype=uint8)

The output is a two-dimensional numpy ndarray that contains the features of our model. As
with most applied machine learning applications, there are several preprocessing steps
you'll want to perform on these extracted features, some of which we'll explore together on
the Zalando fashion dataset later in this chapter, but these are the raw extracted features of
the image!

The shape of the extracted features for our grayscale image is image_height rows
X image_width columns. We can check the shape easily by running the following:

cat_burrito.shape

The preceding code returns this output:

(1150, L1150)

We can check the maximum and minimum pixel values in our ndarray easily, too:

print (cat_burrito.max())
print (cat_burrito.min())

This returns the following;:

255

[253]



Classifying Images with Convolutional Neural Networks Chapter 8

Finally, we can display our grayscale image from our ndarray by running this code:

plt.axis('off"')
plt.imshow (cat_burrito, cmap='gray');

The preceding code returns our image, which is available at https://github.com/
PacktPublishing/Python-Machine-Learning-Blueprints—Second-Edition/tree/master/

Chapter08 as output_grayscale_cat_burrito.png.

The feature-extraction process for color images is identical; however, with color images, the
shape of our ndarray output will be three-dimensional—a tensor—representing the red,
green, and blue (RGB) pixel values of our image. Here, we'll carry out the same process as
before, this time on a color version of the cat burrito. The image is available on GitHub

at https://github.com/PacktPublishing/Python-Machine-Learning-Blueprints-—
Second-Edition/tree/master/Chapter08 as color_cat_burrito. jpg.

Let's extract the features from our color version of the cat burrito by using the following
code:

color_cat_burrito = mpimg.imread ('images/color_cat_burrito.jpg')
color_cat_burrito.shape

Running this code returns the following output:

Again, here we see that this image contains three channels. Our color_cat_burrito
variable is a tensor that contains three matrices that tell us what the RGB values are for each
pixel in our image.

We can display the color image from our ndarray by running the following;:

plt.axis('off"')
plt.imshow (color_cat_burrito);

This returns our color image. The image is available on GitHub at https://github.com/
PacktPublishing/Python-Machine-Learning-Blueprints—Second-Edition/tree/master/

Chapter08 as output_color_cat_burrito.png.
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This is the first step of our image-feature extraction. We've taken a single image at a time
and converted those images into numeric values using just a few lines of code. In doing so,
we saw that extracting features from grayscale images produces a two-dimensional ndarray
and extracting features from color images produces a tensor of pixel-intensity values.
However, there's a slight problem. Remember, this is just a single image, a single training
sample, a single row of our data. In the instance of our grayscale image, if we were to flatten
this matrix into a single row, we would have image_height x image_width columns, or
in our case, 1,322,500 columns. We can confirm that in code by running the following
snippet:

# flattening our grayscale cat_burrito and checking the length
len (cat_burrito.flatten())

This is an issue! As with other machine learning modeling tasks, high dimensionality leads
to model-performance issues. At this magnitude of dimensionality, any model we build
will likely overfit, and training times will be slow.

This dimensionality problem is endemic to computer-vision tasks of this sort. Even a
dataset of a lower resolution, 400 x 400 pixel grayscale cat burritos, would leave us with
160,000 features per image.

There is, however, a known solution to this problem: convolutional neural networks. In the
next section, we'll continue our feature-extraction process using convolutional neural
networks to build lower-dimensional representations of these raw image pixels. We'll go
over the mechanics of how they work and continue to build an idea of why they're so
performant in image-classification tasks.

Convolutional neural networks

Convolutional neural networks are a class of neural network that resolve the high-
dimensionality problem we alluded to in the previous section, and, as a result, excel at
image-classification tasks. It turns out that image pixels in a given image region are highly
correlated—they tell us similar information about that specific image region. Accordingly,
using convolutional neural networks, we can scan regions of an image and summarize that
region in lower-dimensional space. As we'll see, these lower-dimensional representations,
called feature maps, tell us many interesting things about the presence of all sorts of
shapes—from the simplest lines, shadows, loops, and swirls, to very abstract, complex
forms specific to our data, in our case, cat ears, cat faces, or tortillas—and do this in fewer
dimensions than the original image.
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After using convolutional neural networks to extract these lower-dimensional features from
our images, we'll pass the output of the convolutional neural network into a network
suitable for the classification or regression task we want to perform. In our case, when
modeling the Zalando research dataset, the output of our convolutional neural network
will be passed into a fully-connected neural network for multi-class classification.

But how does this work? There are several key components we'll discuss with respect to
convolutional neural networks on grayscale images, and these are all important for
building our understanding.

Network topology

You may have encountered a diagram similar to the aforementioned that depicts a
convolutional neural network to a feedforward neural network architecture. We'll be
building something such as this very soon! But what's being depicted here? Check it out:
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In the preceding diagram, on the very left, we have our input. These are the extracted
features of our image, the matrix (as was the case with the grayscale cat burrito) of values
ranging from 0 to 255 that describe the pixel intensities present in the image.

Next, we pass the data through alternating convolutional and max-pooling layers. These
layers define the convolutional neural network component of the architecture depicted.
We'll describe what each of these layer types do in the following two sections.
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After this, we pass the data to a fully-connected layer before arriving at the output layer.
These two layers describe a fully-connected neural network. You're free to use any multi-
class classification algorithm you like here, instead of a fully-connected neural network—a
logistic regression or random forest classifier, perhaps—but for our dataset, we'll be using
a fully-connected neural network.

The output layer depicted is the same as for any other multi-class classifier. Sticking with
our cat burrito example, let's suppose we were building a model to predict what kind of cat
burrito an image was from five distinct classes: chicken cat burrito, steak cat burrito, cat
burrito al pastor, vegetarian cat burrito, or fish cat burrito (I'll let you use your imagination
to visualize what our training data might look like). The output layer would be the
predicted probability that the image belonged to one of the five classes, with

max (probability) indicating what our model believes to be the most likely class.

At a high level, we've walked through the architecture, or topology of the preceding
network. We've discussed our input versus the convolutional neural network component
versus the fully-connected neural network component of the preceding topology. Let's dig
just a bit deeper now and add some concepts that allow us to describe the topology in more
detail:

¢ How many convolutional layers does the network have? Two.

¢ And in each convolutional layer, how many feature maps are there? There are
seven in convolutional layer 1 and 12 in convolutional layer 2.

¢ How many pooling layers does the network have? Two.

e How many fully-connected layers are there? One.

e How many neurons are in the fully-connected layer? 10.

e What is the output? Five.

The modeler's decision to use two convolutional layers versus any other number or just a
single fully-connected layer versus any other number should be thought of as

the hyperparameters of the model. That is, it's something that we, as the modelers, should
experiment with and cross-validate but not a parameter our model is explicitly learning
and optimizing.
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There are other useful things you can infer about the problem you're solving just by looking
at the network's topology. As we discussed, the fact that our network's output layer
contains five nodes lets us know that this neural network was designed to solve a multi-
class classification task for which there are five classes. If it were a regression or a binary
classification problem, our network's architecture would (in most cases) have a single
output node. We also know that the modeler used seven filters in the first convolutional
layer and 12 kernels in the second convolutional layer because of the number of feature
maps resulting from each layer (we'll discuss what these kernels are in some more detail in
the next section).

Great! We learned some useful jargon that will help us describe our networks and build our
conceptual understanding of how they work. Now let's explore the convolutional layers of
our architecture.

Convolutional layers and filters

Convolutional layers and filters are at the heart of convolutional neural networks. In these
layers, we slide a filter (also referred to in this text as a window or kernel) over our ndarray
feature and take the inner product at each step. Convolving our ndarray and kernel in this
way results in a lower-dimensional image representation. Let's explore how this works on
this grayscale image (available in image-assets repository):
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The preceding image is a 5 x 5 pixel grayscale image shows a black diagonal line against a
white background.

Extracting the features from the following diagram, we get the following matrix of pixel
intensities:

Next, let's assume we (or Keras) instantiate the following kernel:
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We'll now visualize the convolution process. The movement of the window starts from the
top, left of our image matrix. We'll slide the window right by a predetermined stride size.
In this case, our stride size will be 1, but in general the stride size should be considered
another hyperparameter of your model. Once the window reaches the rightmost edge of
the image, we'll slide our window down by 1 (our stride size), move the window back to
the leftmost edge of the image, and start the process of taking the inner product again.

Now let's do this step by step:

1. Slide the kernel over the top-left part of the matrix and calculate the inner

product:
255 235
255 255 2
|
255 255 —
0 | 255
265 | 255 | 266 | 256 | O

I'll explicitly map out the inner product for this first step so that you can easily
follow along;:

(0x0)+(255x0) +(255x0) + (255x0) + (0x1) +(255x0) + (255x0) + (255x0) + (0x
0) =0

We write the result to our feature map and continue!
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2. Take the inner product and write the result to our feature map:

0 255
0 235
255 255
I
235 253
255 255
205 |265 | 285 266 | O
3. Step 3:
0 | 255
255 | O 0 255 255
—
255 255 —
2558 | 285
255 | 265 266 | 255 O
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4. We've reached the rightmost edge of the image. Slide the window down by 1, our
stride size, and start the process again at the leftmost edge of the image:

0 255 255 255 255
255 0 255 255
= —_ 255
255
0
5. Step 5:
0 255 255 255 255
= = 0 | 255 255
255 255 — 255 | 0

255 255

255
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6. Step 6:
0
265 0 | 255 255
—
255 — 255 0 | 255
255
255
7. Step 7:
0 | 255 265 | 265 255
955 | {6 | 255'| 255 | 285 0 255 255
|
259 = 255 0 255
£55 255
0
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8. Step &:
0 255 255 2556 255
25515 | o 0 255 255
255 266 e 255 0 255
255 255 255 255
255 0
9. Step 9:
0 | 255 255 | 265 255
255 0 0 255 255
255 255 S 255 0 | 255
233 | 239 255 255 0
295 | 255
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Voila! We've now represented our original 5 x 5 image in a 3 x 3 matrix (our feature map).
In this toy example, we've been able to reduce the dimensionality from 25 features down to
just 9. Let's take a look at the image that results from this operation:

If you're thinking that this looks exactly like our original black diagonal line but smaller,
you're right. The values the kernel takes determine what's being identified, and in this
specific example, we used what's called an identity kernel. Kernels taking other values will
return other properties of the image—detecting the presence of lines, edges, outlines, areas
of high contrast, and more.

We'll apply multiple kernels to the image, simultaneously, at each convolutional layer. The
number of kernels used is up to the modeler—another hyperparameter. Ideally, you want
to use as few as possible while still achieving acceptable cross-validation results. The
simpler the better! However, depending on the complexity of the task, we may see
performance gains by using more. The same thinking can can be applied when tuning the
other hyperparameters of the model, such as the number of layers in the network or the
number of neurons per layer. We're trading simplicity for complexity, and generalizability
and speed for detail and precision.

While the number of kernels is our choice, the values that each kernel takes is a parameter
of our model, which is learned from our training data and optimized during training in a
manner that reduces the cost function.
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We've seen the step-by-step process of how to convolve a filter with our image features to
create a single feature map. But what happens when we apply multiple kernels
simultaneously? And how do these feature maps pass through each layer of the
network? Lets have a look at the following screenshot:

} \r
NER¥N =
A 14NN

Image source: Lee et al., Convolutional Deep Belief Networks for Scalable Unsupervised Learning of Hierarchical Representations, via stack exchange. Source text here:
https://ai.stanford.edu/~ang/papers/icml09-ConvolutionalDeepBeliefNetworks.pdf
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The preceding screenshot visualizes the feature maps generated at each convolutional layer
of a network trained on images of faces. In the early layers of the network (at the very
bottom), we detect the presence of simple visual structures—simple lines and edges. We
did this with our identity kernel! The output of this first layer gets passed on to the next
layer (the middle row), which combines these simple shapes into abstract forms. We see
here that the combination of edges build the components of a face—eyes, noses, ears,
mouths, and eyebrows. The output of this middle layer, in turn, gets passed to a final layer,
which combines the combination of edges into complete objects—in this case, different
people's faces.

One particularly powerful property of this entire process is that all of these features and
representations are learned from the data. At no point do we explicitly tell our model:
Model, for this task, I'd like to use an identity kernel and a bottom sobel kernel in the first
convolutional layer because I think these two kernels will extract the most signal-rich feature maps.
Once we've set the hyperparameter for the number of kernels we want to use, the model
learns through optimization what lines, edges, shadows, and complex combinations thereof
are best suited to determine what a face is or isn't. The model performs this optimization
with no domain-specific, hardcoded rules about what faces, cat burritos, or clothes are.

There are many other fascinating properties of convolutional neural networks, which we
won't cover in this chapter. However, we did explore the fundamentals, and hopefully you
have a sense of the importance of using convolutional neural networks to extract highly
expressive, signal-rich, low-dimensional features.

Next, we'll discuss Max pooling layers.
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Max pooling layers

We've discussed the importance of reducing our dimensional space and how we use
convolutional layers to achieve this. We use max pooling layers for the same reason—to
further reduce dimensionality. Quite intuitively, as the name suggests, with max pooling,
we slide a window over our feature map and take the max value for the window. Let's
return to the feature map from our diagonal-line example to illustrate, this as follows:

0 255 | 255

255 0 255

255 | 255 0

Let's see what happens when we max pool the preceding feature map using a 2 x 2
window. Again, all we're doing here is returning max (values in window):

1. Return max (0,255, 255, 0), which gets us 255:

i} £55 255
255

255 0 255 —_—

255 | 255 0
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2. Step 2:
0 255 255
| 255 255
255 o 255 —
255 255 0
3. Step 3:
0 255 256
: o | 255 /265
255 o 255 —_—
255
255 255 1]
4. Step 4:
o 255 255
— 255 255
Z55 1] 255 _—
255 255
255 255 Q0

By max pooling our feature map with a 2 x 2 window, we've knocked a column and a row
off, getting us from a 3 x 3 representation to a 2 x 2—Not bad!
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There are other forms of pooling as well—average pooling and min pooling, for example;
however, you'll see max pooling used most often.

Next, we'll discuss flattening, a step we'll perform to turn our max-pooled feature map into
the right shape for modeling.

Flattening

So far, we've focused on building as condensed and expressive a representation of our
features as possible and used convolutional neural networks and max pooling layers to do
this. The last step of our transformation is to flatten our convolved and max-pooled
ndarray, in our example a 2 x 2 matrix, into a single row of training data.

Our max-pooled diagonal black line example would look something like the following, in
code:

import numpy as np

max_pooled = np.array([[255,255], [255,255]])
max_pooled

Running this code returns the following output:

array([[255, 255],
[255, 2551])

We can check the shape here by running the following:

max_pooled. shape

This returns this output:

(2, 2)

To turn this matrix into a single training sample, we just run flatten (). Let's do this and
look at the shape of our flattened matrix:

flattened = max_pooled. flatten()
flattened. shape
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This generates the following output:

(4,)

What started as a 5 x 5 matrix of pixel intensities is now a single row with four features. We
can now pass this into a fully-connected neural network.

Fully-connected layers and output

The fully-connected layers are where we map our input—the rows resulting from us
convolving, max-pooling, and flattening our original extracted features—to our target class
or classes. Here, each input is connected to every neuron or node in the following layer.
The strength of these connections, or weights, and a bias term present in each node of the
network are parameters of the model, optimized throughout the training process to
minimize an objective function.

The final layer of our model will be our output layer, which gives us our model predictions.
The number of neurons in our output layer and the activation function we apply to it are
determined by the kind of problem we're trying to solve: regression, binary classification,
or multi-class classification. We'll see exactly how to set up the fully-connected and output
layers for a multi-class classification task when we start working with the Zalando Research
fashion dataset in the next section.

The fully-connected layers and output—that is, the feedforward neural
network component of our architecture—belong to a distinct neural
network type from the convolutional neural networks we discussed in this
section. We briefly described how feedforward networks work in this
section only to provide color on how the classifier component of our
architecture works. You can always substitute this portion of the
architecture for a classifier you are more familiar with, such as a logit!

With this fundamental knowledge, you're now ready to build your network!
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Building a convolutional neural network to
classify images in the Zalando Research
dataset, using Keras

In this section, we'll be building our convolutional neural network to classify images of
clothing, using Zalando Research's fashion dataset. The repository for this dataset is
available at https://github.com/zalandoresearch/fashion-mnist.

This dataset contains 70,000 grayscale images—each depicting an article of clothing—from
10 possible clothing articles. Specifically, the target classes are as follows: T-shirt/top, pants,
sweater, dress, coat, sandal, shirt, sneaker, bag, and ankle boot.

Zalando, a Germany-based e-commerce company, released this dataset to provide
researchers with an alternative to the classic MNIST dataset of handwritten digits.
Additionally, this dataset, which they call Fashion MNIST, is a bit more challenging to
predict excellently—the MNIST handwritten-digits dataset can be predicted with 99.7%
accuracy without the need for extensive preprocessing or particularly deep neural
networks.

So, let's get started! Follow these steps:
1. Clone the repository to our desktop. From the terminal, run the following:

cd ~/Desktop/
git clone gitQ@github.com:zalandoresearch/fashion-mnist.git

If you haven't done so already, please install Keras by running pip
install keras from the command line. We'll also need to install
TensorFlow. To do this, run pip install tensorflow from the

command line.

2. Import the libraries we'll be using:

import sys

import numpy as np

import pandas as pd

from keras.models import Sequential

from keras.layers import Dense, Dropout, Flatten
from keras.layers import Conv2D, MaxPool2D

from keras.utils import np_utils, plot_model
from PIL import Image

import matplotlib.pyplot as plt
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Many of these libraries should look familiar by now. However, for some of you,
this may be your first time using Keras. Keras is a popular Python deep learning
library. It's a wrapper that can run on top of machine learning frameworks such
as TensorFlow, CNTK, or Theano.

For our project, Keras will be running TensorFlow under the hood. Using
TensorFlow directly would allow us more explicit control of the behavior of our
networks; however, because TensorFlow uses dataflow graphs to represent its
operations, this can take some getting used to. Luckily for us, Keras abstracts a lot
of this away and its API is a breeze to learn for those comfortable with sklearn.

The only other library that may be new to some of you here will be the Python
Imaging Library (PIL). PIL provides certain image-manipulation functionalities.
We'll use it to visualize our Keras network's topology.

3. Load in the data. Zalando has provided us with a helper script that does the
loading in for us. We just have to make sure that fashion-mnist/utils/isin
our path:

sys.path.append('/Users/Mike/Desktop/fashion-mnist/utils/")
import mnist_reader

4. Load in the data using the helper script:

X_train, y_train =

mnist_reader.load_mnist ('/Users/Mike/Desktop/fashion-
mnist/data/fashion', kind='train')

X _test, y_test =

mnist_reader.load_mnist ('/Users/Mike/Desktop/fashion-
mnist/data/fashion', kind='t10k')

5. Take alook at the shapes of X_train, X_test,y_train, and y_test:

print (X_train.shape, y_train.shape)
print (X_test.shape, y_test.shape)

Running that code gives us the following output:

(60000, 784) (60000,)
(10000, 784) (10000,)
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Here, we can see our training set contains 60,000 images and our test contains 10,000
images. Each image is currently a vector of values 784 that are elements long. Let's now
check the data types:

print (type (X_train))
print (type (y_train))
print (type (X_test))
print (type (y_test))

This returns the following;:

zg¢lass numpy.ndarcray =
<claps 'numpy.ndarray’'>
<¢glass 'numpy.ndarray'=
<glass numpy.ndarray >

Next, let's see what the data looks like. Remember, in its current form, each image is a
vector of values. We know the images are grayscale, so to visualize each image, we'll have
to reshape these vectors into a 28 x 28 matrix. Let's do this and peek at the first image:

image_1 = X train[0].reshape (28,28)

plt.axis('off"')

plt.imshow(image_1, cmap='gray');

This generates the following output:
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Awesome! We can check to see the class this image belongs to by running the following:
y_train[O0]

This generates the following output:

The classes are encoded from 0-9. In the README, Zalando provides us with the mapping;:

Label Descrigficn

0 T-shirtiop

¥ Trowissr

z Puilloyer

b} Diress

- Ciad

] Sandal

5] St
Srpakns

& Bz

9 ATk oot

Given this, we now know our first image is of an ankle boot. Sweet! Let's create an explicit
mapping of these encoded values to their class names. This will come in handy
momentarily:

mapping = {0: "T-shirt/top", 1l:"Trouser", 2:"Pullover", 3:"Dress",
4:"Coat", 5:"Sandal", 6:"Shirt", 7:"Sneaker", 8:"Bag", 9:"Ankle Boot"}

Great. We've seen a single image, but we still need to get a feel for what's in our data. What
do the images look like? Getting a grasp of this will tell us certain things. As an example,
I'm interested to see how visually distinct the classes are. Classes that look similar to other
classes will be harder for a classifier to differentiate than classes that are more unique.
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Here, we define a helper function to help us through our visualization journey:

def show_fashion_mnist (plot_rows, plot_columns, feature_array,
target_array, cmap='gray', random_seed=None) :

'''Generates a plot_rows * plot_columns grid of randomly selected
images from a feature array. Sets the title of each subplot equal
to the associated index in the target array and unencodes (i.e. title
is in plain English, not numeric). Takes as optional args a color map
and a random seed. Meant for EDA.'''

# Grabs plot_rows*plot_columns indices at random from X_train.

if random_seed is not None:

np.random. seed (random_seed)

feature_array_indices = np.random.randint (0, feature_array.shape[0],
size = plot_rows*plot_columns)

# Creates our plots

fig, ax = plt.subplots(plot_rows, plot_columns, figsize=(18,18))

reshaped_images_list = []

for feature_array_index in feature_array_indices:
# Reshapes our images, appends tuple with reshaped image and class
to a reshaped_images_list.
reshaped_image =
feature_array[feature_array_ index] .reshape ((28,28))
image_class = mapping[target_array[feature_array index]]
reshaped_images_list.append((reshaped_image, image_class))
# Plots each image in reshaped_images_list to its own subplot
counter = 0
for row in range (plot_rows) :
for col in range (plot_columns) :
ax[row,col] .axis('off"')
ax[row, col].imshow (reshaped images_list [counter] [0],
cmap=cmap)
ax[row, col].set_title(reshaped_images_list[counter][1])
counter +=1

What does this function do? It creates a grid of images selected at random from the data so
that we can view multiple images simultaneously.

It takes as arguments the desired number of image rows (plot_rows), image columns
(plot_columns), our X_train (feature_array), and y_train (target_array)and
generates a matrix of images that's plot_rows X plot_columns large. As optional
arguments, you can specify a cmap, or colormap (the default is ‘gray' because these are
grayscale images), and a random_seed, if replicating the visualization is important.
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Let's see how to run this, as follows:

show_fashion_mnist (4,4, X_train, y_train, random_seed=72)

This returns the following;:

TroausEr

Visualization output

[277]



Classifying Images with Convolutional Neural Networks Chapter 8

Remove the random_seed argument and rerun this function several times. Specifically, run
the following code:

show_fashion_mnist (4,4, X _train, y_train)

You may have noticed that at this resolution some classes look quite similar and others
quite distinct. For example, samples of the t-shirt/top target class can look very similar to
samples from the shirt and coat target classes, whereas the sandal target class seems to be
quite different than the rest. This is food for thought when thinking about where our model
may be weak versus where it's likely to be strong.

Now let's take a peek at the distribution of target classes in our dataset. Will we have to do
any upsampling or downsampling? Let's check:

y = pd.Series (np.concatenate((y_train, y_test)))
plt.figure(figsize=(10,6))

plt.bar (x=[mapping[x] for x in y.value_counts() .index], height =
y.value_counts());

plt.xlabel ("Class")

plt.ylabel ("Number of Images per Class")

plt.title("Distribution of Target Classes");

Running the preceding code generates the following plot:

Distribution of Target Classes

7000 1

]
=

g
=]

3000 1

Number of Images per Class

2000 1

1000 A

Ankle Boot Bag Sneaker Shirt Sandal Coat Dress  Pullower Trouser T-shirtitop
Class
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Awesome! No class-balancing to do here.
Next, let's start preprocessing our data to get it ready for modeling.

As we discussed in our Image-feature extraction section, these grayscale images contain pixel
values ranging from 0 to 255. We confirm this by running the following code:

print (X_train.max())
print (X_train.min())
print (X_test.max())
print (X_test.min())

This returns the following values:

255

255

For the purposes of modeling, we're going to want to normalize these values on a 0-1 scale.
This is a common preprocessing step when preparing image data for modeling. Keeping
our values in this range will allow our neural network to converge more quickly. We can
normalize the data by running the following:

# First we cast as float

X train = X_train.astype('float32')
X _test = X test.astype('float32')

# Then normalize

X_train /= 255

X_test /= 255

Our data is now scaled from 0.0 to 1.0. We can confirm this by running the following code:

print (X_train.max())
print (X_train.min())
print (X_test.max())
print (X_test.min())

This returns the following output:

o = O
e o e e
O O O O
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The next preprocessing step we'll need to perform before running our first Keras network
will be to reshape our data. Remember, the shapes of our X_train and X_test are
currently (60,000, 784) and (10,000,784), respectively. Our images are still vectors. For us to
convolve these lovely kernels all over the image, we'll need need to reshape them into their
28 x 28 matrix form. Additionally, Keras requires that we explicitly declare the number of
channels for our data. Accordingly, when we reshape these grayscale images for modeling,
we'll declare 1:

X_train = X_train.reshape (X_train.shape[0], 28, 28, 1)
X_test = X_test.reshape (X_test.shape[0], 28, 28, 1)

Lastly, we'll one-hot encode our y vectors to conform with the target shape requirements of
Keras:

y_train = np_utils.to_categorical (y_train, 10)
y_test = np_utils.to_categorical (y_test, 10)

We're now ready for modeling. Our first network will have eight hidden layers. The first
six hidden layers will consist of alternating convolutional and max pooling layers. We'll
then flatten the output of this network and feed that into a two-layer feedforward neural
network before generating our predictions. Here's what this looks like, in code:

model = Sequential()

model.add (Conv2D (filters = 35, kernel_size=(3,3), input_shape=(28,28,1),
activation='relu'))

model.add (MaxPool2D (pool_size=(2,2)))

model.add (Conv2D (filters = 35, kernel_size=(3,3), activation='relu'))
model.add (MaxPool2D (pool_size=(2,2)))

model.add (Conv2D (filters = 45, kernel_size=(3,3), activation='relu'))
model.add (MaxPool2D (pool_size=(2,2)))

model.add (Flatten())

model.add (Dense (64, activation='relu'))

model.add (Dense (32, activation='relu'))

model.add (Dense (10, activation='softmax'))

model.compile (optimizer='adam', loss='categorical_crossentropy',
metrics=['accuracy'])

Let's describe what's happening on each line in some depth:

e Line 1: Here, we just instantiate our model object. We'll further define the
architecture—that is, the number of layers—sequentially with a series of .add ()
method calls that follow. This is the beauty of the Keras AP

[280]



Classifying Images with Convolutional Neural Networks Chapter 8

e Line 2: Here, we add our first convolutional layer. We specify 35 kernels, each 3
x 3 in size. After this, we specify the image input shape, 28 x 28 x 1. We only have
to specify the input shape in the first . add () call of our network. Lastly, we
specify our activation function as relu. Activation functions transform the
output of a layer before it's passed into the next layer. We'll apply activation
functions to our Conv2D and Dense layers. These transformations have many
important properties. Using relu here speeds up the convergence of our
network, http://www.cs.toronto.edu/~fritz/absps/imagenet.
pdthttp://www.cs.toronto.edu/~fritz/absps/imagenet.pdf and relu, relative to
alternative activation functions, isn't expensive to compute—we're just
transforming negative values to 0, and otherwise keeping all positive values.
Mathematically, the relu function is given by max (0, value). For the purpose
of this chapter, we'll stick to the relu activation for every layer but the output
layer.

e Line 3: Here, we add our first max pooling layer. We specify that the window
size of this layer will be 2 x 2.

e Line 4: This is our second convolutional layer. We set it up just as we set up the
first convolutional layer.

¢ Line 5: This is the second max pooling layer. We set this layer up just as we set
up the first max pooling layer.

e Line 6: This is our third and final convolutional layer. This time, we add
additional filters (45 versus the 35 in previous layers). This is just a
hyperparameter, and I encourage you to try multiple variations of this.

e Line 7: This is the third and final max pooling layer. It's configured the same as
all max pooling layers that came before it.

e Line 8: Here's where we flatten the output of our convolutional neural network.

e Line 9: Here's the first layer of our fully-connected network. We specify 64
neurons in this layer and a relu activation function.

e Line 10: Here's the second layer of our fully-connected network. We specify 32
neurons for this layer and a relu activation function.

e Line 11: This is our output layer. We specify 10 neurons, equal to the number of
target classes in our data. Since this is a multi-class classification problem, we
specify a softmax activation function. The output will represent the predicted
probability of the image belonging to classes 0-9. These probabilities will sum to
1. The highest predicted probability of the 10 will represent the class our model
believes to be the most likely class.
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model. summary ()

This outputs the following:

We can get a summary of our model by running the following:

e Line 12: Here's where we compile our Keras model. In the compile step, we
specify our optimizer, Adam, a gradient-descent algorithm that automatically
adapts its learning rate. We specify our loss function—in this
case, categorical cross entropy because we're performing a multi-class
classification problem. Lastly, for the metrics argument, we specify accuracy. By
specifying this, Keras will inform us of our train and validation accuracy for each
epoch that our model runs.

LEviE [(Evpa) Csbput Shapa Pacam &
comvad_1 {Coain) Bone, 36, 36, %1 390
max poolingid 1 [MaxPoolingl [(Hone, 53, 13, 135) o
vl I | Ceaving rEeena, 21, 1L, 35} 11064
nax_poolingdd ¥ (MaxPoel irad (Hone, 9, 5, 1%] 4]
convdd 1 {CoaviD} [Bone, 1, 3, 4%} 14220
mak_poolingldd ¥ (HaxPoollngd (Bone, I, 1, 45) ]
flettes 1 [Flatten) [Rane, 4%| 1]
denew_| (Donam) “imanw, &4 Toas
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Notice how the output shapes change as the data passes through the model. Specifically,
look at the shape of our output after the flattening occurs—just 45 features. The raw data in
X_train and X_test consisted of 784 features per row, so this is fantastic!

You'll need to install pydot to render the visualization. To install it, run
pip install pydot from the terminal. You may need to restart your
kernel for the install to take effect.
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Using the plot_model function in Keras, we can visualize the topology of our network
differently. To do this, run the following code:

plot_model (model, to_file='Conv_modell.png',

Image.open ('Conv_modell.png')

show_shapes=True)

Running the preceding code saves the topology to Conv_model1l.png and generates the

following;:

5170939888

input: | (None,?28,28,1)
2d_1: Conv2D
convac_t: ton output: | (None, 26, 26, 33)
. 1: MaxPooling2D input: | (None, 26, 26, 35)
-pooling2d_1: MaxPooling2D 1= = N e 13, 13.35)
i : None, 13, 13,35
conv2d_2: Conv2D input: | (None )
output: | (Neone, 11, 11, 35)
input: , 11,11, 3
max_pooling2d_2: MaxPooling2D 2P (None %)
output: | (None,5,5,35)
input: ,5,5,35
conv2d_3: Conv2D Py {None )
output: | (None, 3, 3,45)

:

max_pooling2d_3: MaxPooling2D

input: | (None, 3, 3, 45)

output: | (None, 1, 1,45)

I

dattea 1: Flath input: | (None, 1,1, 45)

alten_1: Hlatien output: |  (None, 45)
da 1: Den input: | (None, 45)
nee_ti s output: | (None, 64)
dense_2: De input: | (None, 64)
se&: Lense output: | (None, 32)

de 3 input: | (None, 32)
nse: output: | (None, 10)
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This model will take several minutes to fit. If you have concerns about
your system's hardware specs, you can easily reduce the training time by
reducing the number of epochs to 10.

Running the following code block will fit the model:

my_ fit_model = model.fit (X _train, y_train, epochs=25, validation_data=
(X_test, y_test))

In the fit step, we specify our X_train and y_train. We then specify the number of
epochs we'd like to train the model. Then we plug in the validation data—x_test and
y_test—to observe our model's out-of-sample performance. I like to save the model. fit
step as a variable, my_fit_model, so we can later easily visualize the training and
validation losses over epochs.

As the code runs, you'll see the model's train and validation loss, and accuracy after each
epoch. Let's plot our model's train loss and validation loss using the following code:

plt.plot (my_ fit_model.history['val_loss'], label="Validation")
plt.plot (my_fit_model.history['loss'], label = "Train")

plt.xlabel ("Epoch", size=15)

plt.ylabel ("Cat. Crossentropy Loss", size=15)

plt.title("Conv Net Train and Validation loss over epochs", size=18)
plt.legend();

Running the preceding code generates the following plot. Your plot won't be
identical—there are several stochastic processes taking place here—but it should look
roughly the same:

Conv Met Train and Validation loss over epachs
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A quick glance at this plot shows us that our model is overfitting. We see our train loss
continue to fall in every epoch, but the validation loss doesn't move in lockstep. Let's glance
at our accuracy scores to grasp how well this model did at the classification task. We can do
this by running the following code:

plt.plot (my_fit_model.history['val_acc'], label="Validation")

plt.plot (my_fit_model.history['acc'], label = "Train")

plt.xlabel ("Epoch", size=15)

plt.ylabel ("Accuracy", size=15)

plt.title("Conv Net Train and Validation accuracy over epochs",
size=18)

plt.legend();

This generates the following;:

Cr.:rn'-}.r rﬁet Train and Validation accuracy over epochs

— Validatinn o
2335 frae e

0535
ase0 | |
|
rrsq |
: : — — — :
o : K 1% = =
Epoch

This plot, too, tells us we've overfit. But it appears as though our validation accuracy is in
the high 80s, which is great! To get the max accuracy our model achieved and the epoch in
which it occurred, we can run the following code:

print (max (my_fit_model.history['val_acc']))

print (my_fit_model.history['val_acc'].index(max(my_£fit_model.history['wv
al_acc'])))

Your specific results will differ from mine, but here's my output:

0.8948
21
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Using our convolutional neural network, we achieved a max classification accuracy of
89.48% in the 21st epoch. This is amazing! But we've still got to address that overfitting
problem. Next, we'll rebuild our model using dropout regularization.

Dropout regularization is a form of regularization we can apply to the fully-connected
layers of our neural network. Using dropout regularization, we randomly drop neurons
and their connections from the network during training. By doing this, the network doesn't
become too reliant on the weights or biases associated with any specific node, allowing it to
generalize better out of sample.

Here, we add dropout regularization, specifying that we'd like to drop 35% of the neurons
at each Dense layer:

model = Sequential()

model.add(Conv2D (filters = 35, kernel_size=(3,3), input_shape=
(28,28,1), activation='relu'))

model . add (MaxPool2D (pool_size=(2,2)))

model.add(Conv2D (filters = 35, kernel_size=(3,3), activation='relu'))

model . add (MaxPool2D (pool_size=(2,2)))

model.add(Conv2D (filters = 45, kernel_size=(3,3), activation='relu'))

model . add (MaxPool2D (pool_size=(2,2)))

model.add (Flatten())

model.add (Dense (64, activation='relu'))

model . add (Dropout (0.35))

model.add (Dense (32, activation='relu'))

model . add (Dropout (0.35))

model.add (Dense (10, activation='softmax'))

model.compile (optimizer='adam', loss='categorical_crossentropy',

metrics=['accuracy'])

Running the preceding code will compile our new model. Let's have another look at the
summary by rerunning the following;:

model. summary ()
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Running the preceding code returns the following output:

Lavar [type] Gatput Shaps Param #
== == e -- -

canvzd 1 [(DonwiD) |Hone, 26, 26, 35) 5o

[ 713 run]‘i.n.g:l:l l (MaxPoslingd |Mopas, 13, 13, 35) 1]
gonvEzd 2 (Daowil) |Hone, 11, 11, 35) 11060
max_poolifngdd 2 (MaxPoclingd (Mopsm, 5, 5. 35 n
convid 3 (ConwiDl) [Hone, 3, 3, 44] 14230
max poolimg2d 3 (HMaxPooling? (Home, 1, b, 45) ]
flatten_1 [Flatten] [Mone, 45] 1]
danse 1 |Denae| |Hone, G4&) 2944
drepeut_1 [(Dropout] |Mone, G4 ]
densae 21 (Dense| |Home, 3JZ) 200
dropeut 2 [[roopEsat| |Mone, JE) 1]
dense 1 {Dense| [Home, IO] EED)

B s NN N N s N NN N I N I N I NN EEEISEEEEEEED
Tatal pacamaz 30,9084

Trainable params: 30,9084

Won=trainable params: O

Let's refit our model by rerunning the following;:

my fit_model = model.fit (X _train, y_train, epochs=25, validation_data=
(X_test, y_test))
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Once your model has refit, rerun the plot code to visualize loss. Here's mine:

Conv Net Train and Validation loss over epochs

Cat. Crossentropy Loss
= = b= =] b=
-+ (V] [=2] | [==]

=
Lad

— Validation
Train

Epoch

15

20

This looks better! The difference between our training and validation losses has shrunk,

which was the intended purpose, though there does appear to be some room for

improvement.

Next, re-plot your accuracy curves. Here are mine for this run:
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This also looks better from an overfitting perspective. Fantastic! What was the best
classification accuracy we achieved after applying regularization? Let's run the following
code:

print (max (my_fit_model.history['val_acc']))

print (my_fit_model.history['val_acc'].index (max (my_fit_model.history['v
al_acc'])))

My output from this run of the model was as follows:

0.88E5
23

Interesting! The best validation accuracy we achieved was lower than that in our
unregularized model, but not by much. And it's still quite good! Our model is telling us
that we predict the correct type of clothing article 88.85% of the time.

One way to think about how well we've done here is to compare our model's accuracy with
the baseline accuracy for our dataset. The baseline accuracy is simply the score we would
get by naively selecting the most-commonly occurring class in the dataset. For this specific
dataset, because the classes are perfectly balanced and there are 10 classes, the baseline
accuracy is 10%. Our model handily beats this baseline accuracy. It's clearly learned
something about the data!

There are so many different places you can go from here! Try building deeper models or
grid-searching over the many hyperparameters we used in our models. Assess your
classifier's performance as you would with any other model—try building a confusion
matrix to understand what classes we predicted well and what classes we weren't as strong
in!
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Summary

We certainly covered a lot of ground here! We talked about how to extract features from
images, how convolutional neural networks work, and then we built a convolutional neural
network to a fully-connected network architecture. Along the way, we picked up lots of
new jargon and concepts, too!

Hopefully, after reading this chapter, you feel that these image-classification
techniques—knowledge of which you may have once considered the province of
sorcerers—is actually just a series of mathematical optimizations carried out for intuitive
reasons! And hopefully this content can help move you forward in tackling an image-
processing project that interests you!
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Imagine for a moment that you're sitting alone in a quiet, spacious room. To your right is a
small table with a stack of white printer paper and a single black pen. In front of you is
what seems to be a large, red cube with a tiny opening—slightly smaller than the size of a
mail slot. An inscription just above the slot invites you to write down a question and pass it
through the slot. As it happens, you speak Mandarin; so, you write down your question in
Mandarin on one of the sheets and insert it into the opening. A few moments pass, and then
slowly, an answer emerges. It's also written in Chinese and is the just the sort of answer
you might have expected. So, what did you ask? Are you a person or a computer? And the
response? Why yes, yes I am.

This thought experiment is based on philosopher John Searle's Chinese Room Argument.
The premise of the experiment is that if there were a person in the room who spoke no
Chinese, but had a set of rules that allowed them to perfectly map English characters to
Chinese characters, they could appear to the questioner to understand Chinese without
actually having any understanding of it. Searle's argument was that algorithmic procedures
that produce an intelligible output can't be said to have an understanding of that output.
They lack a mind. His thought experiment was an attempt to combat the ideas of strong Al,
or the notion that the human brain is essentially just a wet machine. Searle didn't believe that
Al could be said to have consciousness, no matter how sophisticated its behavior appeared
to an outside observer.

Searle published this experiment in 1980. 31 years later, Siri would be released on the
iPhone 4S. For anyone who has used Siri, it's clear that we have a long way to go before we
might be confronted with uncertainty of whether the agent we are speaking to has a mind
(though we might doubt it in people we know to be human). Despite the clunkiness these
agents, or chatbots, have demonstrated in the past, the field is rapidly advancing.

In this chapter, we're going to learn how to construct a chatbot from scratch. Along the
way, we'll learn more about the history of the field and its future prospects.
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We'll cover the following topics in this chapter:

e The Turing Test

¢ The history of chatbots
e The design of chatbots
e Building a chatbot

The Turing Test

30 years before Searle's Chinese Room, Alan Turing posed the question, can machines think?
in one of his more famous papers. Being the practical genius he was, he decided not to
tackle that question head on, but to instead pose it in the framework of the problem of other
minds. This problem asks, how do we truly know that other people have minds like our own? Since
we can only observe their behavior—and not the inner workings of their mind—we must
take it on faith that they are like us. Turing proposed that if a machine could behave as if it
were intelligent, then we should view it as such. This, in a nutshell, is the Turing Test.
Passing the test means convincing humans that a machine is a fellow human.

You might be wondering at this point, has a program ever successfully passed the Turing Test?
And the answer is that there really is no official Turing Test. The closest thing to an official
test is the Loebner Prize. This is a contest held yearly that awards modest prizes to those
chatbots that appear the most convincingly human to a panel of judges. If this sounds
rigorous and academic, it has been described as anything but. Loebner himself is said to be
quite the character, frequently professing his love of wine, marijuana, and prostitutes. His
sponsorship for the contest is said to have been a product of his total distain for labor of any
kind.

Hopefully, by this point, you'll have realized that any claims about passing the Turing
Test are more spectacle than actual science. Despite this, Turing's original concept is a
useful construct.
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The history of chatbots

I still remember the day my father sat me down in front of his IBM XT with its black-and-
green flickering monitor and asked me to talk to it. The conversation went something like
the following:

>Hello. How are you feeling today?

>Hi. Who is this?

>Hi there... How are you today?

>I'm fine. You didn't tell me who you are.

>We should be discussing you, not me.

>We should? Why?

>Let's change focus a bit... Tell me about your family.
>You are impossible to have a conversation with.
>Can you elaborate on that?

>You are killing me.

>Perhaps you would like me to be killing you.
>0K, you are freaking me out.

>Perhaps you're really talking about yourself?
>What?? That makes no sense.

>How would an answer to that help you?

>END

>Very interesting.

>QUIT

>Thank you for talking with me.

>SSt e@....
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The it I was talking to was a program called ELIZA. Written in the mid-1960s at MIT's
Artificial Intelligence Lab by Joseph Weizenbaum, ELIZA was created to mimic the
responses of a Rogerian psychotherapist. Though nearly comical when examined in any
depth, the program was capable of convincing some users that they were chatting to an
actual human—a remarkable feat considering it was a scant 200 lines of code that used
randomization and regular expressions to parrot back responses. Even today, this simple
program remains a staple of popular culture. If you ask Siri who ELIZA is, she'll tell you
she's a friend and a brilliant psychiatrist.

If ELIZA was an early example of chatbots, what have we seen since that time? In recent
years, there has been an explosion of new chatbots. The most notable of these is Cleverbot.

Cleverbot was released to the world using the web in 1997. In the years since, the bot has
racked up hundreds of millions of conversions, and, unlike early chatbots, Cleverbot, as its
name suggests, appears to become more intelligent with each conversion. Though the exact
details of the workings of the algorithm are difficult to find, it's said to work by recording
all conversations in a database and finding the most appropriate response by identifying
the most similar questions and responses in the database.

I'made up a nonsensical question, shown as follows, and you can see that it found
something similar to the object of my question in terms of a string match:

Cleverbot

[ youa ke résshrash?

MASCAR is for rednocks.

sy fo cloverbot

think about |1 thirk for ma thoisg s so far
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I persisted:

=k
| i

Cleverb

N
Why not?
[ like nashnash,

What are nawks?

Eay 10 clénvarbol. . —

think about it think for me thaughts s far

And, again, I got something... similar?

You'll also notice that topics can persist across the conversation. In response, I was asked to
go into more detail and justify my answer. This is one of the things that appears to make
Cleverbot, well, clever.

While chatbots that learn from humans can be quite amusing, they can also have a darker
side.

Several years ago, Microsoft released a chatbot named Tay on to Twitter. People were
invited to ask Tay questions, and Tay would respond in accordance with her personality.
Microsoft had apparently programmed the bot to appear to be a 19-year-old American girl.
She was intended to be your virtual bestie; the only problem was that she started tweeting
out extremely racist remarks.
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As a result of these unbelievably inflammatory tweets, Microsoft was forced to pull Tay off

Twitter and issue an apology.

" As many of you know by now, on Wednesday we launched a chatbot called Tay. We are
deeply sorry for the unintended offensive and hurtful tweets from Tay, which do not
represent who we are or what we stand for, nor how we designed Tay. Tay is now offline
and we’ll look to bring Tay back only when we are confident we can better anticipate
malicious intent that conflicts with our principles and values.”

Clearly, brands that want to release chatbots into the wild in the future should take a lesson
from this debacle and plan for users to attempt to manipulate them to display the worst of

-March 25, 2016 Official Microsoft Blog

human behavior.

There's no doubt that brands are embracing chatbots. Everyone from Facebook to Taco Bell

is getting in on the game.

Witness the TacoBot:

e l'1.:‘ b \

Teadl iy
tiishol

Order zet for launch? 1

Please confirm the final tatal; 3339 which ineludes all applicubbe taoss, Yo will piskig the
grads At 13105 WPica Blwd If that snsis right, 1all @ Do placs the aader! !

lairmin

| ik waid

tacohol

| o't hiave emabions but.. | ke wou oo | guess,

hursan

What came first, the chicken or the egm?

tacchok

That's easy, Yo can't have achickenunless [t hatches from and =gg 5., But eait, hang on a sec.,
o Ca' L hps an e unlesc s lpld by .. ERROR ERROR LOGICAL PARADCN, REBOOTIMNG..
Woah, carry abaut thal A0 § ke far sure & that bolh of them [2ee Soodd wWiher vou Wi 'emin 2
tartilla

Yes, it's a real thing. And, despite the stumbles, like Tay, there's a good chance the future of

Ul looks a lot like TacoBot. One last example might even help explain why.

Chapter 9
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Quartz recently launched an app that turns news into a conversation. Rather than lay out
the day's stories as a flat list, you are engaged in a chat as if you were getting news from a

friend:

4 Back bo App Brore BIE B -+ -

Open the app whenaver you wani, and we'll
give you the most mportent and interasiang
niews from around the global economy,

We can also send you natfications, They e fun,
customizable, and won't even buzz your phona
most of The Hime, 15 1hat QK7

Great, You'll gela pop-up asking for
pETIiSSI0n

Thanks, Yo can cusiomize your xperience
by going ta ssttings. ocated to the left. Swipa
oier There any time,

Are you ready to get started?

Alright, let's get you the lstest naws..,

It's a grim day al the Preakness Stakes—and
ot just beceuse of rainy weather Two
horses died after their reces around the
Pimlico tracks.

anything afse’
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David Gasca, a PM at Twitter, describes his experience using the app in a post on Medium.
He describes how the conversational nature invoked feelings normally only triggered in
human relationships:

"Unlike a simple display ad, in a conversational relationship with my app I feel like I owe
something to it: I want to click. At the most subconscious level I feel the need to reciprocate
and not let the app down: "The app has given me this content. It’s been very nice so far
and I enjoyed the GIFs. I should probably click since it’s asking nicely.”

If that experience is universal—and I expect it is—this could be the next big thing in
advertising, and I have no doubt that advertising profits will drive UI design:

"The more the bot acts like a human, the more it will be treated like a human.”
-Mat Webb, Technologist and Co-Author of Mind Hacks

At this point, you're probably dying to know how these things work, so let's get on with it!

The design of chatbots

The original ELIZA application was 200-odd lines of code. The Python NLTK
implementation is similarly short. An excerpt is provided from NLTK's website (http://
www.nltk.org/_modules/nltk/chat/eliza.html):
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Natural Language Toolkit: Eliza

Copyright (C) 2881-20819 NLTK Project

Authors: Steven Bird <stevenbirdl@gmail.com>
Edward Loper <edloperfigmail.coms

URL: <http://nltk.org/>

For Llicense information, see LICENSE.TXT

H K K K K K W

# Based on an Eliza implementation by Joe Strout <joefstrout.net>,

**

Jeff Epler <jepler@inetnebr.com> and Jez Higgins <mailto:jez@jezuk.co.uk>.

# a translation table used to convert things you say into things the

# computer says back, e.g. "I am™ --> "you are”

from _ future__ import print_function

from nltk.chat.util import Chat, reflections

# a table of response pairs, where each pair consists of a
# regular expression, and a list of possible responses,

# with group-macros Labelled as %1, %2.

pairs = (
(
r'I need (.*)°,
(
"Why do you need %127,
"Would it really help you to get %127,
"Are you sure you need ¥12",
)
)s
(
r'Why don\'t you (.%)",
¢
"Do you really think I don"t %12",
"Perhaps eventually I will %1.",
"Do you really want me to %12",
)
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As you can see from the code, input text was parsed and then matched against a series of
regular expressions. Once the input was matched, a randomized response (that sometimes
echoed back a portion of the input) was returned. So, something such as, I need a taco would
trigger a response of, Would it really help you to get a taco? Obviously, the answer is yes, and,
fortunately, we have advanced to the point that technology can provide you one (bless you,
TacoBot), but this was early days still. Shockingly, some people actually believed ELIZA
was a real human.

But what about more advanced bots? How are they built?

Surprisingly, most chatbots you're likely to encounter aren't even using machine learning
(ML); they're what's known as retrieval-based models. This means responses are
predefined according to the question and the context. The most common architecture for
these bots is something called Artificial Intelligence Markup Language (AIML). AIML is
an XML-based schema for representing how the bot should interact given the user's input.
It's really just a more advanced version of how ELIZA works.

Let's take a look at how responses are generated using AIML. First, all input are
preprocessed to normalize them. This means when you input Waaazzup??? it's mapped to
WHAT IS UP. This preprocessing step funnels down the myriad ways of saying the same
thing into one input that can run against a single rule. Punctuation and other extraneous
input are removed as well at this point. Once that's complete, the input is matched against
the appropriate rule. The following is a sample template:

<category>

<pattern>WHAT IS UP</pattern>

<template>The sky, duh. Pfft. Humans...</template>
</category>

That is the basic setup, but you can also layer in wildcards, randomization, and
prioritization schemes. For example, the following pattern uses wildcard matching:

<category>

<pattern>* FOR ME<pattern>

<template>I'm a bot. I don't <star/>. Ever.</template>
</category>

Here, the * wildcard matches one or more words before FOR ME and then repeats those
back in the output template. If the user were to type in Dance for me!, the response
wouldbeI'm a bot. I don't dance. Ever
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As you can see, these rules don't make for anything that approximates any type of real
intelligence, but there are a few tricks that strengthen the illusion. One of the better ones is
the ability to generate responses conditioned on a topic.

For example, here's a rule that invokes a topic:

<category>

<pattern>I LIKE TURTLES</pattern>

<template>I feel like this whole <set name="topic">turtle</set> thing could
be a problem. What do you like about them? </template>

</category>

Once the topic is set, the rules specific to that context can be matched:
<topic name="turtles">
<category>
<pattern>* SHELL IS *</pattern>
<template>I dislike turtles primarily because of their shells. What other
creepy things do you like about turtles? </template>
</category>
<category>
<pattern>* HIDE *</pattern>
<template>I wish, like a turtle, that I could hide from this conversation.
</template>
</category>
</topic>
Let's see what this interaction might look like:
>I like turtles!
>I feel like this whole turtle thing could be a problem. What do you like about them?
>I like how they hide in their shell.
>I wish, like a turtle, I could hide from this conversation.

You can see that the continuity across the conversation adds a measure of realism.

You're probably thinking that this can't be state of the art in this age of deep learning, and
you're right. While most bots are rule-based, the next generation of chatbots are emerging,
and they're based on neural networks.
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In 2015, Oriol Vinyas and Quoc Le of Google published a paper,
http://arxiv.org/pdf/1506.05869v1.pdf, that described the construction of a neural
network based on sequence-to-sequence models. This type of model maps an input
sequence, such as ABC, to and output sequence, such as XYZ. These inputs and outputs
might be translations from one language to another, for example. In the case of their work
here, the training data was not language translation, but rather tech support transcripts and
movie dialogues. While the results from both models are interesting, it was the interactions
based on the movie model that stole the headlines.

The following are sample interactions taken from the paper:

Human: who is soegiber *
Maching e ix a herr

Humam: who is bl cfingos
Machine: & 5o hillionalre
Human: (7 &y Mie or biack *
Machine: biue,

Human: diocy a oaf have @ rad P
Muochine: per

Human: doey o cat have @ wing F
Maching ro

Humam: con o cnd e #
Machine o

Humam: how mary legi does a cai have #
Machine: four | i think

None of this was explicitly encoded by humans or present in the training set as asked, and,
yet, looking at this, it's frighteningly like speaking with a human. But let's see more:

Humamn: whai g oo iamek mbouf fena 7
Machiue: e = o pood comducior

Human: whar @0 vow ik mbour &0 godes 7
Mlachine: b s a gl Wi

Humaa: Koo do v riveiid safumi el 7
Machéne: ke s g grear plaper

Humam: w9805 oo ik i ¢ Ipgpaeng *
Machine: ok, she 5 e el

Humamn: wiar de pou diak abose eaplond de
freg e fpign o ellzabapk 7

Miaching: {2 wisd O @l flans
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Notice that the model is responding with what appears to be knowledge of gender (he,
she), place (England), and career (player). Even questions of meaning, ethics, and morality

are fair game:

Human: what iy the purpose of life ?
Machine: o rerve fe grealer good
Human: what is the purpoze af fiving ?
Machine: 5o live forever

Humans okay, § need do krew bow showld ¢ e
A maraily

Machime: ¢ oo v s Bevw o el pou
Humsan: & rul.nul'l'.'_l'.urm' avairs L e
Machine: pex, mir

Humam what are the dhiegs thar [ do 1o be dm
ficwal *

Macking:  dfon ¥ know

Human: give me seme ermwpler of moral ac
[

MMackhime: ¢ ‘w Aol & moeanist,

Humam: alsehi, maralin *

Muachine: infegrity

If that transcript doesn't give you a slight chill, there's a chance you might already be some

sort of Al

I wholeheartedly recommend reading the entire paper. It isn't overly technical, and it will

definitely give you a glimpse of where the technology is headed.

We've talked a lot about the history, types, and design of chatbots, but let's now move on to
building our own. We'll take two approaches to this. This first will use a technique we saw

in previously, cosine similarity, and the second will leverage sequence-to-sequence

learning.

Building a chatbot

Now, having seen what's possible in terms of chatbots, you most likely want to build the
best, most state-of-the-art, Google-level bot out there, right? Well, just put that out of your
mind for now because we're going start by doing the exact opposite. We're going to build
the most amazingly awful bot ever!

This may sound disappointing, but if your goal is just to build something very cool and
engaging (that doesn't take hours and hours to construct), this is a great place to start.
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We're going to leverage the training data derived from a set of real conversations with
Cleverbot. The data was collected from http://notsocleverbot.jimrule.com. This site is
perfect, as it has people submit the most absurd conversations they had with Cleverbot.

Let's take a look at a sample conversation between Cleverbot and a user from the site:

U%ﬁ'“h@ﬂ!&h&lh&ﬂm‘
] sgarh | i 95 wour [atler
Liser: "m‘mg'.-'. mrh ||ght=.aha
L FELOLL 7 "Blocka* *Ewlnge Llghtaabe=c*®
User "'|:I|II!:5 stabs with -ghﬁal:er'
levarhots *pushes bach With the farom®
User: *pulls gut gun™.
lewerbot: *Fulls oot nuke*
L|5E1" *pulls out cr-..i:r. rwns
avarboti *pullis o s,
L|5E1 pulis out wniverse®
'."" -4 . | |: LT I = on-
L.Ia-l:r MI:lr"lrn'.-'. *sohbs*,

E DT i UP A

Us-l:r l.'LII:h.-E‘E- :Lnl:l cries*

levarbot: "kisses neack aoftlyY.
Us-l:r *cries mone®,

leverbot: *kissas tears morad
Lls-::r. "l:nLrs oven more*

“leverbot: *Whispers® Ic'a ok.
LISEr “Sllll E-G‘::s“

Clevarbot: "snapa neck®

Lisar: WTFTH

While you are free to use the techniques for web scraping that we used in earlier chapters to
collect the data, you can find a . csv of the data in the GitHub repo for this chapter.

We'll start again in our Jupyter Notebook. We'll load, parse, and examine the data. We'll
first import pandas and the Python regular expressions library, re. We're also going to set
the option in pandas to widen our column width so we can see the data better:

import pandas as pd

import re
pd.set_option('display.max_colwidth', 200)

Now we'll load in our data:

df = pd.read_csv('nscb.csv')
df .head ()
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The preceding code results in the following output:
- " - - . Time Up Down
Postinner link Postinner link_link value number Image 1 number
User:
*walking*\nCleverbot:
*looks at you and
winks* ;J\nUser: 0.0
*walks Posted:
faster®\inCleverbot:  hitp:/iwww.notsocleverbot comindex.php? 2016- .
0 *catches up with you i=48277 04-18 21 hitp:ffweww notsocleverbot. comimagesfthumbs_up.png 10
and pins you against 04:30:53
a walfnUser: *eyes
widen* W-What do
you want?
\nCleverbot: ...
User: *Facepalm*
You are so stupid,
you know that, right?
\nCleverbot: | cannot
argue with Posted:
younUser: Soyou  hitp:/fwww notsocleverbot. comindex. php? 2016~ .
1 admit your 48275 04-16 32  hitp:fwww notsocleverbot.comimagesfthumbs_up.png 5
idiocy \nCleverbot 22:39:34
You're all and | am
nothing.\nUser:
YesslihnCleverbot:
Cleverbot: Well, my
wife left me -
GEEIUEEE (RS hitp:/iwww.notsocleverbot. comiindex php? P%%t?g—
2 bad for ' . : = 4-8256 04-09 13 hitp:fwww notsocleverbot comimagesfthumbs_up.png 5
younCleverbot: Not 04-40-46
really, | have an o
amazing boyfriend ).

Since we're only interested in the first column, the conversation data, we'll parse that out:

convo = df.iloc[:,0]
convo

The preceding code results in the following output:

0 User: *walking*\nCleverbot: *loocks at you and winks* ;)\nUser: 0.0 *walks faster*\nCleverbot: %catches up
with you and pins you against a wall*\nUser: “eyes widen* W-What do you want?\nCleverbot: .

1 User: “Facepalm* You are so stupid, you know that, right?\nCleverbot: I cannot argue with you.\nUser: Sc y
ou admit your idiocy.\nCleverbot: You're all and I am nothing.\nUser: Yess!!!'\nCleverbot: -

2 Cleverbot: Well, my wife lef
t me today.\nUser: Feels bad for you.\nCleverbot: WNot really, T have an amazing boyfriend :}.

3 Cleverbot: *my dragongirl chest fills with dragon milk*.\nUser: WHAT THE ACTUAL FUC
R?!2?!1?\nCleverbot: *gives birth to dragon baby*\nUser: WHAT. THE. FUCK. HAPPENED. TO. CLEVERBOT.

4 Cleverbot: He'll have to sit and watch them al
1.\nUser: What the frick are you talking about.\nCleverbot: Something more pleasant than you!

35 Cleverbot: Give me a riddle.\nUser: What has a head but no body . has a bed but never sleeps . runs but ne
ver walks.\nCleverbot: What? I don't know.\nUser: B river.\nCleverbot: A river is not a fl...

6 User: I"m commander shepard.\nCleverbot: Really?\nUser: Yupp.\nCleverbot: That's nice. Can T meet your fri
end?\nUser: Garrus or Tali.\nCleverbot: Garrus because he is more impressive.\nUser: Okay ...

7 Cleverbot: Never gonna give you up.\nUser: No, please no.\nCleverbot: Never gonna tell a lie and hurt yo
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You should be able to make out that we have interactions between User and Cleverbot, and
that either can initiate the conversation. To get the data in the format we need, we'll have to
parse it into question-and-response pairs. We aren't necessarily concerned with who says
what, but with matching up each response to each question. You'll see why in a bit. Let's
now do a bit of regular expression magic on the text:

clist = []
def ga_pairs(x):
cpairs = re.findall(": (.*?)(?:$]\n)", x)

clist.extend(list (zip(cpairs, cpairs[l:])))
convo.map (ga_pairs);
convo_frame = pd.Series(dict(clist)) .to_frame () .reset_index()

convo_frame.columns = ['q', 'a'l]

The preceding code results in the following output:

q a
0 *walking® *looks at you and winks® ;)
1 *looks at you and winks* ;) (0.0 *walks faster*
2 0.0 *walks faster* *catches up with you and pins you against a wall*
3 *catches up with you and pins you against a wall* *eyes widen™ W-What do you want?
4 *eyes widen® W-What do you wani? Your mom.
5 *Facepalm® You are so stupid, you know that, right? | cannot argue with you.
6 I cannot argue with you. S0 you admit your idiocy.
T S0 you admit your idiocy. You're all and | am nothing.

OK lots of code there. What just happened? We first created a list to hold our question-and-
response tuples. We then passed our conversations through a function to split them into
those pairs using regular expressions.

Finally, we set it all into a pandas DataFrame with columns labelled g and a.

We're now going to apply a bit of algorithm magic to match up the closest question to the
one a user inputs:

from sklearn.feature_extraction.text import TfidfVectorizer
from sklearn.metrics.pairwise import cosine_similarity

vectorizer = TfidfVectorizer (ngram_range=(1,3))
vec = vectorizer.fit_transform(convo_frame['qg'])
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In the preceding code, we imported our tf-idf vectorization library and the cosine similarity
library. We then used our training data to create a tf-idf matrix. We can now use this to
transform our own new questions and measure the similarity to existing questions in our
training set. Let's do that now:

my_qg = vectorizer.transform(['Hi. My name is Alex.'])

cs = cosine_similarity (my_gqg, vec)

rs = pd.Series(cs[0]) .sort_values (ascending=False)
topb5 = rs.iloc[0:5]

topb

The preceding code results in the following output:

195232 0.5388451
TH033 i1 .537804
51404 0.531008
20291 1.52811315
G25%47 0.460475
dtype: floathd

What are we looking at here? This is the cosine similarity between the question I asked and
the top-five closest questions. On the left is the index, and on the right is the cosine
similarity. Let's take a look at those:

convo_frame.iloc[top5.index] ['qg']

This results in the following output:

19523 Ei my nama 18 Cleaverbot.
73033 Okay your name 18 Alex.
Sl4a08 Hi my name is pat
40231 Hi my name ls lune.
62047 My name ia P.J.
fame:r q, dtyper abject

As you can see, nothing is exactly the same, but there are definitely some similarities.

Let's now take a look at the response:

rsi = rs.index[0]
rsi
convo_frame.iloc[rsi]['a"']
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The preceding code results in the following output:

'Are you clever or something.’

OK, so our bot seems to have an attitude already. Let's push further.

We'll create a handy function so that we can test a number of statements easily:

def get_response(q) :

my_gq = vectorizer.transform([g])

cs = cosine_similarity (my_g, vec)

rs = pd.Series(cs[0]).sort_values (ascending=False)
rsi = rs.index[0]

return convo_frame.iloc[rsi]['a']

get_response('Yes, I am clearly more clever than you will ever be!')

This results in the following output:

'Ho you are not.’

We have clearly created a monster, so we'll continue:

get_response ('You are a stupid machine. Why must I prove anything to
you?')

This results in the following output:

"Right you are.’

I'm enjoying this. Let's keep rolling with it:

get_response ('Did you eat tacos?')

Moy, I had nachos'
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get_response ('With beans on top?')

'Apples.’

get_response ('What else do you like to do?'")

‘I also like talking to you.'

get_response ('What do you like about it?')

‘"I like your randomness.

get_response ('Me, random?')

'"Yes your random.'

get_response ('I think you mean you\'re')

'DONT CORRECT MEI'

Remarkably, this may be one of the best conversations I've had in a while, bot or not.

Now while this was a fun little project, let's now move on to a more advanced modeling
technique using sequence-to-sequence modeling.

Sequence-to-sequence modeling for
chatbots

For this next task, we'll leverage a couple libraries discussed in chapter 8, Classifying
Images with Convolutional Neural Networks, TensorFlow and Keras. Both can be pip installed
if you haven't done that already.
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We're also going to use the type of advanced modeling discussed earlier in the chapter; it's
a type of deep learning called sequence-to-sequence modeling. This is frequently used in
machine translation and question-answering applications, as it allows us to map an input
sequence of any length to an output sequence of any length:

"The weather is nice® "IETARTIIL Faqt beau"
T L]
LSTH - L5Th
Encofar doooder
T Imtarnal LSTH
b siaies (h, o) §
"Il fait beaulS5TOR]"

Source: https://blog keras.io/a-ten-minute-introduction-to-sequence-to-sequence-learning-in-keras.html

Francois Chollet has an excellent introduction to this type of model on the blog for
Keras: https://blog.keras.io/a-ten-minute-introduction-to-sequence-to-sequence-1
earning-in-keras.html. It's worth a read.

We're going to make heavy use of his example code to build out our model. While his
example uses machine translation, English to French, we're going to repurpose it for
question-answering using our Cleverbot dataset:

1. Set the imports:
from keras.models import Model
from keras.layers import Input, LSTM, Dense

import numpy as np

2. Set up the training parameters:

batch_size = 64 # Batch size for training.

epochs = 100 # Number of epochs to train for.

latent_dim = 256 # Latent dimensionality of the encoding space.
num_samples = 1000 # Number of samples to train on.
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We'll use these to start. We can examine the success of our model and then adjust as
necessary.

The first step in data processing will be to take our data, get it in the proper format, and
then vectorize it. We'll go step by step:

input_texts = []
target_texts = []
input_characters = set ()
target_characters = set ()

This creates lists for our questions and answers (the targets) as well as sets for the
individual characters in our questions and answers. This model will actually work by
generating one character at a time:

1. Let's limit our question-and-answer pairs to 50 characters or fewer. This will help
speed up our training:

convo_frame['g len'] = convo_frame['qg'].astype('str') .apply (lambda
x: len(x))
convo_frame['a len'] = convo_frame['a'].astype('str') .apply (lambda
x: len(x))
convo_frame = convo_frame[ (convo_frame['q len'] < 50)&
(convo_frame['a len'] < 50)]

2. Let's set up our input and target text lists:
input_texts = list (convo_frame['q'].astype('str'))
target_texts = list(convo_frame['a'].map(lambda x: '\t' + x +

'\n') .astype('str'"))

The preceding code gets our data in the proper format. Note that we add a tab (\t) and a
newline (\n) character to the target texts. This will serve as our start and stop tokens for the
decoder.

3. Let's take a look at the input texts and the target texts:

input_texts
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The preceding code generates the following output:

[ "*walking+",
"#*looks at you and winka* ;3)°',
'0.0 *walks faster*’,

‘wapas widen* W-What do you want?',
'#*Facepalm* You are so stupid, you know that,
'I cannct argue with you.',

‘8o Fom pdmit yaur Edincy-',

"You're all and I am nothing.”;

"Yeaslll®,

'*catches up with you and pins you against a wall*',

rlight?',

target_texts

The preceding code generates the following output:

"\t*looks at you and winks* ;)\n',
'\t0.0 *walks faster*\n',

—

"\t*eyes widen* W-What do you want?\n',
"\tY¥our mom.\n',

"\tI cannot argue with you.\n',

"\tSo you admit your idiocy.\n',
"\tYou're all and I am nothing.\n",
"\tYess!!!\n',

"\t¥es.\n',

"\tFeels bad for you.\n',

'"\t*catches up with you and pins you against a wall*\n',

Let's take a look at those input and target-character sets now:

input_characters
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The preceding code generates the following output:

target_characters

The preceding code generates the following output:

{"\e",
‘\n',
; -r
0y,

r

B W e

o
R e . T T R T
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Next, we'll do some additional preparation for the data that will feed into the model.
Although data can be fed in any length and returned in any length, we need to add
padding up to the max length of the data for the model to work:

input_characters = sorted(list (input_characters))
target_characters = sorted(list (target_characters))
num_encoder_tokens = len(input_characters)
num_decoder_tokens = len(target_characters)

max_encoder_seq_length = max([len(txt) for txt in input_texts])
max_decoder_seq_length = max([len(txt) for txt in target_texts])

print ('Number of samples:', len(input_texts))

print ('Number of unique input tokens:', num_encoder_tokens)

print ('Number of unique output tokens:', num_decoder_tokens)
print ('Max sequence length for inputs:', max_encoder_seq_length)
print ('Max sequence length for outputs:', max_decoder_seq_length)

The preceding code generates the following output:

Hunker of samples: 1000

Nunber of unigue Lpnput tokens: JE3
Nunber of wnigue output tokens: 362
Max sagquence length for Lnpute: 49
Max saquence length for outputs: 51

Next, we'll vectorize our data using one-hot encoding;:

input_token_index = dict (

[ (char, i) for i, char in enumerate (input_characters)])
target_token_index = dict (

[ (char, i) for i, char in enumerate (target_characters)])

encoder_input_data = np.zeros(
(len (input_texts), max_encoder_seq_length, num_encoder_tokens),
dtype='float32")

decoder_input_data = np.zeros(
(len (input_texts), max_decoder_seq_ length, num_decoder_tokens),
dtype='float32")

decoder_target_data = np.zeros(
(len (input_texts), max_decoder_seq_ length, num_decoder_tokens),
dtype='float32")

for i, (input_text, target_text) in enumerate (zip (input_texts,
target_texts)):
for t, char in enumerate (input_text) :
encoder_input_datal[i, t, input_token_index[char]] = 1.
for t, char in enumerate (target_text) :
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# decoder_target_data is ahead of decoder_input_data by one

# timestep

decoder_input_datal[i, t, target_token_index[char]] = 1.

if t > 0:
# decoder_target_data will be ahead by one timestep
# and will not include the start character.
decoder_target_datali, t - 1, target_token_index[char]] =

1.

Let's take a look at one of these vectors:

Decoder_input_data

The preceding code generates the following output:

arcay{[iflay Ouy Doy cowy Boyp Boy Oa],
i PR I Ity | Tl o o
[0y Wos Wy vewe Bap Mop 0575

A

[Dew Buy Boy vewy Doy Bop Goly

B0 e L T i B,
VTR | SECREY, SR AR
[[les oy Bag siip oy Wep Balj
Bl sy 0 e D B BYS
PO et s o B O A

From the preceding figure, you'll notice that we have a one-hot encoded vector of our
character data, which will be used in our model.

We now set up our sequence-to-sequence model-encoder and -decoder LSTMs:

# Define an input sequence and process it.

encoder_inputs = Input (shape=(None, num_encoder_tokens))
encoder = LSTM(latent_dim, return_state=True)
encoder_outputs, state_h, state_c = encoder (encoder_inputs)
# We discard “encoder_outputs’  and only keep the states.
encoder_states = [state_h, state_c]

# Set up the decoder, using “encoder_states’ as initial state.
decoder_inputs = Input (shape=(None, num_decoder_tokens))

We set up our decoder to return full output sequences,

and to return internal states as well. We don't use the
return states in the training model, but we will use them in
inference.

decoder_lstm = LSTM(latent_dim, return_sequences=True,
return_state=True)

H= = = S
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decoder_outputs, _, _ = decoder_lstm(decoder_inputs,

initial_state=encoder_states)
decoder_dense = Dense (num_decoder_tokens, activation='softmax')
decoder_outputs = decoder_dense (decoder_outputs)

Then we move on to the model itself:

# Define the model that will turn
# “encoder_input_data® & “decoder_input_data’ into ‘decoder_target_data’
model = Model ([encoder_inputs, decoder_inputs], decoder_outputs)

# Run training
model.compile (optimizer="'rmsprop', loss='categorical_crossentropy')
model.fit ([encoder_input_data, decoder_input_datal,
decoder_target_data,
batch_size=batch_size,
epochs=epochs,
validation_split=0.2)
# Save model
model.save ('s2s.h5")

In the preceding code, we defined our model using our encoder and decoder input and our
decoder output. We then compile it, fit it, and save it.

We set up the model to use 1,000 samples. Here, we also split the data 80/20 to training and
validation, respectively. We also set our epochs at 100, so this will essentially run for 100
cycles. On a standard MacBook Pro, this may take around an hour to complete.

Once that cell is run, the following output will be generated:

Traig on BM0 samples, validate an 100 aasples

Epoal 1/100

BO0fSE0D | sssszss=es Esssssssssssnsssssss| - 128 lémgfetep - lopE: 1.7601 - wal loae: 1.4434
Epoch 2/100

BO0 /200 |=ssssssssesssssesssssesessssss| - 1ls limsfotep = lop@e 1.4279 = wval lossi L. 4251
Epech 30100

sonse00 = 1 = 10s limafstep = lossnr 1.4096 = wval_ lossa 1.419%
Epoch 47100

BGOY@O0D |- - mmm=] - (0= llmefptep - loss: 1.399%4 - val lose: 14078
Epooh 55100

RO QD = sm== smm=| - 1flm ll:se atep — lods: 13004 - val lewa: 1. 4038
Epoal &/100

BO0/800 |==sssssssssssssssssssssssssses| - l0E limaSfetep - lossE: 1.3841 - wal Loaes: L.3961
Epocch 77100

B20/E00 |wesssssesesssesssesneemenssnes | = 11s 14z fokap - looms 1.3784 - wal loasd 1.3B65
Epech B/100

BG0 200 |- ==e=] = 115 l4ms/step = lossg 1.3752 - wval Lossr 1.39321
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The next step is our inference step. We'll use the states generated from this model to feed
into our next model to generate our output:

Next: inference mode (sampling).

Here's the drill:

1) encode input and retrieve initial decoder state

2) run one step of decoder with this initial state

and a "start of sequence" token as target.

Output will be the next target token

3) Repeat with the current target token and current states

H = o

# Define sampling models
encoder_model = Model (encoder_inputs, encoder_states)

decoder_state_input_h = Input (shape=(latent_dim,))
decoder_state_input_c = Input (shape=(latent_dim,))
decoder_states_inputs = [decoder_state_input_h, decoder_state_input_c]
decoder_outputs, state_h, state_c = decoder_Ilstm(

decoder_inputs, initial_state=decoder_states_inputs)
decoder_states = [state_h, state_c]
decoder_outputs = decoder_dense (decoder_outputs)
decoder_model = Model (

[decoder_inputs] + decoder_states_inputs,

[decoder_outputs] + decoder_states)

# Reverse-lookup token index to decode sequences back to
# something readable.
reverse_input_char_index = dict (

(i, char) for char, i in input_token_index.items())
reverse_target_char_index = dict(

(i, char) for char, i in target_token_index.items())

def decode_sequence (input_seq) :
# Encode the input as state vectors.
states_value = encoder_model.predict (input_seq)

# Generate empty target sequence of length 1.

target_seq = np.zeros((1l, 1, num_decoder_tokens))

# Populate the first character of target sequence with the start
character.

target_seql[0, 0, target_token_index['\t']] = 1.

# Sampling loop for a batch of sequences

# (to simplify, here we assume a batch of size 1).
stop_condition = False

decoded_sentence = "'

while not stop_condition:
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for

output_tokens, h, ¢ = decoder_model.predict (
[target_seq] + states_value)

# Sample a token

sampled_token_index = np.argmax (output_tokens[0, -1, :1)
sampled_char = reverse_target_char_ index[sampled_token_index]
decoded_sentence += sampled_char

# Exit condition: either hit max length

# or find stop character.

if (sampled_char == '\n' or
len (decoded_sentence) > max_decoder_seq_length):
stop_condition = True

# Update the target sequence (of length 1).
target_seq = np.zeros((1, 1, num_decoder_tokens))
target_seq[0, 0, sampled_token_index] = 1.

# Update states
states_value = [h, c]

return decoded_sentence

seg_index in range (100) :

# Take one sequence (part of the training set)

# for trying out decoding.

input_seqg = encoder_input_datal[seq_index: seq_index + 1]

decoded_sentence = decode_sequence (input_seq)
print('-")

print ('Input sentence:', input_texts[seqg_index])
print ('Decoded sentence:', decoded_sentence)
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The preceding code generates the following output:

Input sentence: *eyes widen* W-What do you went?
Decoded sentencer vaings st you and bopts,

Inpat sentence: [ cannot argue with you.
Decodeod sentence: I don't know.

Inpat sentences: So Fou admie your ldicoy.
Deoadad sentence: T don't know.

Input aentenser Fou're all and 1 am aothing.
Deooded aentence: I don't Know.

Input sentence: Tess!l!
Deoocded sentencer *sings at you and bors#.

As you can see, the results of our model are quite repetitive. But then we only used 1,000
samples and the responses were generated one character at a time, so this is actually fairly
impressive.

If you want better results, rerun the model using more sample data and more epochs.

Here, I have provide some of the more humorous output I've noted from much longer
training periods:

Input sentence: ¥ SUMMON Soul Eater eat your goul *
Decoded sentence: You are a wa.t:ti.nq Yo .

Input senktence: *hugs*
Docoded sentence: *stops crying+.

Input sentencs; dcatches up with you and pins you againat a wall#
Decoded sentence: *eyes widen* W-What do you want?
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Input sentence: 5o you admit your Ldiocy.
Dacoded pentencer I didn't say that. ¥ou are being difficult again.

Input sentence: *knocks you cute
Oecoded sentence: ¥You are weirpd.

Input sentence: I'm a patato.
ecoded sentence:r Yes you are,

Summary

In this chapter, we took a full tour of the chatbot landscape. It's clear that we're on the cusp
of an explosion of these types of applications. The Conversational UI revolution is just about
to begin. Hopefully, this chapter has inspired you to create your own bot, but if not, we
hope you have a much richer understanding of how these applications work and how
they'll shape our future.

I'll let the app say the final words:

get_response ("This is the end, Cleverbot. Say goodbye.")
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Build a Recommendation
Engine

Like so many things, it was born of frustration and stiff cocktails. It was a Saturday, and the
two young men were once again stuck without a date for the night. As they sat pouring
drinks and sharing laments, the two Harvard freshmen began to flesh out an idea. What if,
instead of relying on random chance to meet the right girl, they could use a computer
algorithm?

The key to matching people up, they felt, would be to create a set of questions that
provided the sort of information everyone is really looking for on those first awkward
dates. By matching people using these questionnaires, you could eliminate dates that could
best be avoided. The process would be super efficient.

The idea was to market their new service to college students in Boston and around the
country. And in short order, that's exactly what they did.

Soon after, the digital matchmaking service they built went on to become a huge success. It
received national media attention and generated tens of thousands of matches over the
course of the next few years. The company was so successful, in fact, it was eventually
bought out by a larger company that wanted to use its technology.

If you think I'm talking about OkCupid, you would be wrong—and off by about 40 years.
The company I'm speaking of did all of this beginning in 1965—a time when computing
matches was done using punch cards on an IBM 1401 mainframe. It also took three days
just to run the computations.

But oddly enough, there's a connection between OkCupid and its 1965 precursor,
Compatibility Research, Inc. The co-founder of Compatibility Research is Jeff Tarr, whose
daughter, Jennifer Tarr, is the wife of OkCupid's co-founder Chris Coyne. Small world
indeed.
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But why is any of this relevant to a chapter on building a recommendation engine? Because
it's quite likely that this was in fact the first one. And while most people tend to think of
recommendation engines as tools for finding closely related products or music and movies
they're likely to appreciate, the original incarnation was to find potential mates. And as a
model for thinking about how these systems work, it provides a good frame of reference.

In this chapter, we're going to explore the different varieties of recommendation systems.
We'll see how they're implemented commercially and how they work. Finally, we'll
implement our own recommendation engine for finding GitHub repositories.

We'll cover the following topics in this chapter:

e Collaborative filtering

¢ Content-based filtering

e Hybrid systems

¢ Building a recommendation engine

Collaborative filtering

In early 2012, a story broke about a man who had come into a Target store in Minneapolis
to complain about a book of coupons sent to his home. He was in fact quite incensed about
these coupons, which had been addressed to his daughter, a high school student at the
time. And although it might seem like an odd reaction to a potential money-saving
opportunity, learning that the coupons were exclusively for products such as prenatal
vitamins, diapers, baby formula, cribs, and so on might change your view.

The manager, upon hearing the complaint, apologized profusely. He felt bad enough, in
fact, that he called several days later to follow up and explain how this could have
happened. But before the manager was able to even begin his apology, the father began to
apologize to the manager. As it turned out, his daughter was in fact pregnant and her
shopping habits had given her away.

The algorithm that gave her away was likely based—at least in part—on one type of
algorithm used in recommendation engines called collaborative filtering.

So, what's collaborative filtering?

Collaborative filtering is based on the idea that, somewhere out there in the world, you
have a taste doppelganger—someone who shares the same notions about how good Star
Wars is and how awful Love Actually is.
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The idea is that you've rated some set of items in a way that's very similar to the way this
other person, this doppelganger, has rated them, but then each of you has rated additional
items that the other hasn't. Because you've established that your tastes are similar,
recommendations can be generated from the items your doppelganger has rated highly but
which you haven't rated and vice versa. It's in a way much like digital matchmaking, but
with the outcome being songs or products you would like, rather than actual people.

So, in the case of our pregnant high schooler, when she bought the right combination of
unscented lotions, cotton balls, and vitamin supplements, she likely found herself paired up
with people who went on to buy cribs and diapers at some point later.

Let's go through an example to see how this works in practice.

We'll start with what's called a utility matrix. This is similar to a term-document matrix
but, instead of terms and documents, we'll be representing products and users.

Here we'll assume that we have customers A-D and a set of products that they've rated on a
scale from 0 to 5:

Snarky's Potato SoSo Dulffly|BetterTap|XXLargeLivin' Snowy Disposos'
Customer Chips Smf)oth Beer (Water Football Jersey Cotton Diapers
Lotion Balls
A 4 5 3 5
B 4 4 5
C 2 2 1
D 5 3 5 4

We've seen previously that, when we want to find similar items, we could use cosine
similarity. Let's try that here. We'll find the user most like user A. Because we have a sparse
vector containing many unrated items, we'll have to input something for those missing
values. We'll just go with 0 here. We'll start by comparing user A to user B:
from sklearn.metrics.pairwise import cosine_similarity
cosine_similarity(np.array([4,0,5,3,5,0,0]) .reshape(1,-1),\
np.array([0,4,0,4,0,5,0]) .reshape(1,-1))

The previous code results in the following output:

arcay{[]l 0.183533325%]11)

As you can see, the two don't have a high similarity rating, which makes sense as they have
no ratings in common.
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Let's now look at user C compared to user A:

cosine_similarity(np.array([4,0,5,3,5,0,0]) .reshape(1,-1),\
np.array([2,0,2,0,1,0,0]) .reshape(1,-1))

The previous code results in the following output:

array([[ U.HHEETDQIIIH

Here, we see that they have a high similarity rating (remember 1 is perfect similarity),
despite the fact they rated the same products very differently. Why are we getting these
results? The problem lies with our choice of using 0 for the unrated products. It's
registering as strong (negative) agreement on those unrated products. 0 isn't neutral in this
case.

So, how can we fix this?

What we can do instead of just using 0 for the missing values is to re-center each user's
ratings so that the mean rating is 0, or neutral. We do this by taking each user rating and
subtracting the mean for all ratings of that user. For example, for user A, the mean is 17/4,
or 4.25. We then subtract that from every individual rating that user A provided.

Once that's been done, we then continue on to find the mean for every other user and
subtract it from each of their ratings until every user has been processed.

This procedure will result in a table like the following. You will notice each user row sums
to 0 (ignore the rounding issues here):

Snarky's SoSo Duffly (BetterTap XXLargeLivin'|Snowy Disposos'

Customers . Smooth Football Cotton|.
Potato Chips . Beer Water Diapers

Lotion Jersey Balls

A -25 .75 -1.25 .75

B -.33 -33 .66

C .33 .33 -.66

D .75 -1.25 .75 -.25

Let's now try our cosine similarity on our newly centered data. We'll do user A compared to
user B and C again.
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First, let's compare user A to user B:

cosine_similarity(np.array([-.25,0,.75,-1.25,.75,0,0])\
.reshape(1,-1),\
np.array([0,-.33,0,-.33,0,.66,0])\
.reshape(1,-1))

The preceding code results in the following output:

array{[[ 0.30772873]1])

Now let's try between users A and C:

cosine_similarity(np.array([-.25,0,.75,-1.25,.75,0,0])\
.reshape (1,-1),\
np.array([.33,0,.33,0,-.66,0,0])\
.reshape(1,-1))

The preceding code results in the following output:

array{[[-0.246182987])

What we can see is that the similarity between A and B increased slightly, while the
similarity between A and C decreased dramatically. This is exactly as we would hope.

This centering process, besides helping us deal with missing values, also has the side
benefit of helping us to deal with difficult or easy raters since now everyone is centered
around a mean of 0. This formula, you may notice, is equivalent to the Pearson correlation
coefficient and, just like with that coefficient, the values fall between -1 and 1.

Predicting the rating for the product

Let's now take this framework and use it to predict the rating for a product. We'll limit our
example to three users, person X, person Y, and person Z. We'll predict the rating of a
product that person X hasn't rated, but that persons Y and Z, who are very similar to X,
have rated.
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We'll start with our base ratings for each user, as shown in the following table:

. . ,|Snow
Snarky's Potato SoSo Duffl BetterTap XXLargeLivin Disposos'
Customers| -, . Smooth y Football .
Chips . Water Cotton|Diapers
Lotion Beer Jersey
Balls
X 4 3 4
Y 3.5 2.5 4 4
Y4 4 3.5 4.5 4.5
Next, we'll center the ratings:
. SoSo XXLargeLivin' |[Snowy|,.. '
Customers Sna?rky s Potato Smooth Duffly |BetterTap Football Cotton Dfsposos
Chips . Beer  (Water Diapers
Lotion Jersey Balls
X .33 -.66 33 ?
Y 0 -1 5 5
Z -.125 -.625 375 |.375

Now, we'd like to know what rating user X might be likely to give Disposos' Diapers.
Using the ratings from user Y and user Z, we can calculate this by taking the weighted
average according to their centered cosine similarity.

Let's first get that figure:

user_x
user_y

[0,.33,0,-.66,0,33,0]
[Ol Ol 01_11 0/

.5,.5]

cosine_similarity (np.array (user_x) .reshape(1l,-1),\
np.array (user_y) .reshape(1,-1))

The preceding code results in the following output:

array{|[|

0.4244721211)

Now, let's get that figure for user Z:

user_x
user_z

[0,.33,0,-.66,0,33,0]
[0,-.125,0,-.625,0, .375, .375]

cosine_similarity(np.array (user_x) .reshape(1,-1),\
np.array (user_z) .reshape(1,-1))

[ 326

]




Build a Recommendation Engine Chapter 10

The preceding code results in the following output:

array([[ 0.46371861]])

So, now we have a figure for the similarity between user X and user Y (0.42447212) and
user Z (0.46571861).

Putting it all together, we weight each users rating by their similarity to X, and then divide
by the total similarity, as follows:

(42447212 * (4) + 46571861 * (4.5) ) / (142447212 + .46571861) = 4.26

And we can see that the expected rating of user X for Disposos' Diapers is 4.26. (Better
send a coupon!)

Now, so far, we've looked only at user-to-user collaborative filtering, but there's another
method we can use. In practice, this method outperforms user-to-user filtering; it's called
item-to-item filtering. Here's how the method works: rather than match each user up with
other similar users based on their past ratings, each rated item is compared against all other
items to find the most similar ones, again using centered cosine similarity.

Let's take a look at how this would work.

Again we have a utility matrix; this time, we'll look at users' ratings of songs. The users are
along the columns and the songs are along the rows, shown as follows:

Entity U1 U2 U3 U4 U5
S1 2 4 5
S2 3 3

S3 1 5 4
S4 4 4 4

S5 3 5

Now, suppose we would like to know the rating that user 3 will assign to song 5. Instead of
looking for similar users, we'll look for songs that are similar based upon how they were
rated across the users.

Let's see an example.
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First, we start by centering each song row, and calculating the cosine similarity for each
versus our target row, which is S5, shown as follows:

Entity U1 U2 U3 U4 U5 CntrdCoSim
S1 -1.66 .33 1.33 .98

S2 0 0 0

S3 -2.33 1.66 .66 72

S4 0 0 0 0

S5 -1 ? 1 1

You can see the far right column has been calculated with the centered cosine similarity for
each row versus row S5.

We next need to select a number, k, that's the number of the nearest neighbors we'll use to
rate songs for user 3. We use k = 2 in our simple example.

You can see that song S1 and song S3 are the most similar, so we'll use those two along
with the ratings user 3 had for S1 and S3 (4 and 5, respectively).

Let's now calculate the rating:
(.98 (4)+.72%(5)) /(.98 +.72) = 4.42

So, based on this item-to-item collaborative filtering, we can see user 3 is likely to rate song
S5 very highly at 4.42 from our calculations.

Earlier, I said that user-to-user filtering is less effective than item-to-item filtering. Why
might that be?

There's a good chance you have friends who really enjoy some of things that you enjoy as
well, but then each of you has other areas of interest that the other has absolutely no
interest in.

For example, perhaps you both love Game of Thrones, but your friend also loves Norwegian
death metal. You, however, would rather be dead than listen to Norwegian death metal. If
you're similar in many ways—excluding the death metal—with user-to-user
recommendations, you're still going to see a lot of recommendations for bands with names
that include words such as flaming, axe, skull, and bludgeon. With item-to-item filtering, most
likely, you would be spared those suggestions.
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So far, we've looked at users and items as a single entity when making comparisons, but
now let's move on to look at another method that decomposes our users and items into
what might be called feature baskets.

Content-based filtering

As a musician himself, Tim Westergren had spent years on the road listening to other
talented musicians, wondering why they could never get ahead. Their music was
good—ijust as good as anything you might hear on the radio—and yet, somehow, they just
never caught their big break. He imagined it must be because their music just never got in
front of enough of the right people.

Tim eventually quit his job as a musician and took another job as a composer for movie
scores. It was there that he began to think of each piece of music as having a distinct
structure that could be decomposed into constituent parts—a form of musical DNA.

After giving it some thought, he began to consider creating a company around this idea of
building a musical genome. He ran the concept by one of his friends, who had previously
created and sold a company. The friend loved Tim's idea. So much so, in fact, that he began
helping him to write a business plan and gather the initial funding round for the project. It
was a go.

Over the next several years, they employed a small army of musicians who meticulously
codified almost 400 distinct musical features for over a million pieces of music. Each feature
was rated on a 0 to 5 point scale by hand (or maybe by ear is a better way to say it). Each
three- or four-minute song took nearly a half hour to classify.

The features included things such as how gravelly the lead singers' voice was or how many
beats per minute the tempo was. It took nearly a year for their first prototype to be
completed. Built entirely in Excel using a VBA macro, it took nearly four minutes just to
return a single recommendation. But in the end, it worked and it worked well.

That company is now known as Pandora music, and chances are you've either heard of it or
used its products as it has millions of daily users around the world. It's without a doubt a
triumphant example of content-based filtering.

Rather than treat each song as a single indivisible unit, as in content-based filtering, the
songs become feature vectors that can be compared using our friend cosine similarity.
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Another benefit is that not only are the songs subject to being decomposed into feature
vectors, but the listeners can be as well. Each listener's taste profile becomes a vector in this
space so that measurements can be made between their taste profiles and the songs
themselves.

For Tim Westergren, this was the magic, because rather than rely on the popularity of the
music like so many recommendations are, the recommendations from this system were
made based upon the inherent structural similarity. Maybe you've never heard of song X,
but if you like song Y, then you should like song X because it's genetically almost identical.
That's content-based filtering.

Hybrid systems

We've now looked at the two primary forms of recommender systems, but you should
know that, in any large-scale production environment, you're likely to see
recommendations that leverage both of these. This is known as a hybrid system, and the
reason hybrid systems are preferred is that they help eliminate the drawbacks that can be
present when using either system alone. The two systems together create a more robust
solution.

Let's examine the pros and cons of each type.

Collaborative filtering

The pros of collaborative filtering are as follows:
¢ There's no need to hand-craft features
The cons are as follows:

¢ Doesn't work well without a large number of items and users

e Sparsity when the number of items far exceeds the number that could be
purchased

Content-based filtering

The pros of content-based filtering are as follows:

e It doesn't require a large number of users
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The cons are as follows:

¢ Defining the right features can be a challenge
¢ Lack of serendipity

As you can see, content-based filtering is a better choice when you haven't built up a large
user base but, as you grow, adding on collaborative filtering can help introduce more
serendipity into the recommendations.

Now that you're familiar with the types and inner-workings of recommendation engines,
let's begin constructing one of our own.

Building a recommendation engine

One thing I love to stumble upon is a really useful GitHub repository. You can find
repositories that contain everything from hand-curated tutorials on machine learning to
libraries that will save you dozens of lines of code when using Elasticsearch. The trouble is,
finding these libraries is far more difficult than it should be. Fortunately, we now have the
knowledge to leverage the GitHub API in a way that will help us to find these code gems.

We're going to be using the GitHub API to create a recommendation engine based on
collaborative filtering. The plan is to get all of the repositories I've starred over time and to
then get all of the creators of those repositories to find what repositories they've starred.
Once that's done, we'll find which users are most similar to me (or you, if you're running
this for your own repository, which I suggest). Once we have the most similar users, we can
use the repositories they've starred and that I haven't to generate a set of recommendations.

Let's get started:

1. We'll import the libraries we'll need:

import pandas as pd
import numpy as np
import requests
import json

2. You'll need to have opened an account with GitHub and to have starred a
number of repositories for this to work for your GitHub handle, but you won't
actually need to sign up for the developer program. You can get an authorization
token from your profile, which will allow you to use the APIL You can also get it
to work with this code, but the limits are too restrictive to make it usable for our
example.
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3. To create a token for use with the API, go to the following URL
at https://github.com/settings/tokens. There, you will see a button in the
upper-right corner like the following:

Dumndopsr setligs

Peraonal accass iakens Dereiain roe fow

£ ksl g AP ok dor s52ipin o welingT Diw rogss raken Tor geick o= ojhe S W1

Personel accews Erhars

4. You'll need to click on that Generate new token button. Once you've done that,
you need to select the permissions, I chose just public_repo. Then, finally, copy
the token it gives you for use in the following code. Be sure to enclose both in

quotes:
myun = YOUR_GITHUB_HANDLE
mypw = YOUR_PERSONAL_TOKEN

5. We'll create the function that will pull the names of every repository you've
starred:

my_starred_repos = []
def get_starred_by me():
resp_list = []
last_resp = ''
first_url_to_get = 'https://api.github.com/user/starred’
first_url_resp = requests.get (first_url_to_get,
auth= (myun, mypw) )
last_resp = first_url_resp
resp_list.append(json.loads (first_url_resp.text))
while last_resp.links.get('next'):
next_url_to_get = last_resp.links['next']['url']
next_url_resp = requests.get (next_url_to_get,
auth= (myun, mypw) )
last_resp = next_url_resp
resp_list.append(json.loads (next_url_resp.text))
for i in resp_list:
for j in i:
msr = j['html_url']
my_starred_repos.append (msr)
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There's a lot going on in there, but, essentially, we're querying the API to get our
own starred repositories. GitHub uses pagination rather than return everything in
one call. Because of this, we'll need to check the . 1inks that are returned from
each response. As long as there is a next link to call, we'll continue to do so.

6. We just need to call that function we created:
get_starred_by_ me ()

7. Then, we can see the full list of starred repositories:
my_starred_repos

The preceding code will result in output similar to the following;:

| "https:ffgitheb.comfalashial/sglec’,
‘https: /S github.comfecthros foncaptcha? '
"https S S github . comd FrE990803 /build-yvaur-awn-mlnt ',
‘httper/Sgithub.com/trekbleb/ hooemade-nachine=1learning’' ;
‘https:SSgithub.com/ sounith/degan. toreh’ ;
"httpa: S Sgithub.com/minipaxic/tastgqencan”
‘httper/Sgithub.com/kingkoolil /generate=gsl=certs=£for=1local =development ' .
‘htepe: S fgichub . comdenachtangg /iquick-S8QL-chaatshaat ',
"https: S Sgithub.com/renionrd/ml ocheatsheet',
‘https://github.com/meouts/ jupytext ',
"Mttpe: S Sgitheb . comf peandavi / SRadb "
"httpsffgithub.com/chubindchest.sh';
‘https: /S github. com/medeoheopal fTutchess.al’,
‘httpa S fgithub. com/alopresta/slidea’
‘httpseffgithub.com/Aeure/mnlopari’ ,
‘netps: S Sgleheb.comd zotronanel s/ maching laarning baaice',
‘https S Sgithub. com/ ipython-contriks jupyter _contrilb nbextensione”,
‘httpse S/ fgithub.com/Esrifepatial =framework=for=hadoop’ |

8. We need to parse out the user names for each of the libraries we starred so that
we can retrieve the libraries they starred:

my_starred_users = []

for 1n in my_ starred_repos:
right_split = 1ln.split('.com/') [1]
starred_usr = right_split.split('/') [0]
my_starred_users.append(starred_usr)

my_starred_users
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This will result in output similar to the following;:

[ "alash3ial’,
‘ecthros’ ,
w0803,
trakhlaeb’ ,
"moumith
‘minimaxir',
‘kingkool6B',
‘enachtangg ',
‘remicned’
mwoata '
‘poandawvi’
‘chubin’,
‘madchopsl '
"alopresto’
"ATure
‘zotroneneis’,
ipythen-aontrib’ ,
"E=®rl’',

9. Now that we have the handles for all of the users we starred, we'll need to
retrieve all of the repositories they starred. The following function will do just
that:

starred_repos = {k:[] for k in set (my_starred_users)}
def get_starred_by_user (user_name) :

starred_resp_list = []
last_resp = ''
first_url_to_get = 'https://api.github.com/users/'+ user_name

+'/starred’
first_url_resp = requests.get (first_url_to_get,
auth= (myun, mypw) )
last_resp = first_url_resp
starred_resp_list.append(json.loads (first_url_resp.text))
while last_resp.links.get('next'):
next_url_to_get = last_resp.links['next']['url']
next_url_resp = requests.get (next_url_to_get,
auth= (myun, mypw) )
last_resp = next_url_resp
starred_resp_list.append(json.loads (next_url_resp.text))
for i in starred_resp_list:
for j in i:
sr = j['html_url']
starred_repos.get (user_name) .append(sr)
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This function works in nearly the same way as the function we called earlier, but
calls a different endpoint. It'll add their starred repositories to a dict we'll use
later.

10. Let's call it now. It may take a few minutes to run, depending on the number of
repositories each user has starred. I actually had one that starred over 4,000
repositories:

for usr in list (set (my_starred_users)):
print (usr)
try:
get_starred_by_user (usr)
except :
print ('failed for user', usr)

The preceding code will result in output similar to the following:

Charging=Alot
amontalentl
kingkoolGd
jorisvandenbossche
alexgreens
Lweapy

oohi

kilimehol
prampt=toolkit
jostmey
matplotlib

d3

rhiever
elagktic
mahrsudparsian
ecthros
linkedin
mit-nlp

Notice that I turned the list of starred users into a set before I called it. I noticed some
duplication that resulted from starring multiple repositories under one user handle, so it
makes sense to follow these steps to reduce extra calls:

1. We now need to build a feature set that includes all of the starred repositories of
everyone we have starred:

repo_vocab = [item for sl in list (starred_repos.values()) for item
in sl]
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2. We'll convert that into a set to remove duplicates that may be present from
multiple users starring the same repositories:

repo_set = list (set (repo_vocab))
3. Let's see how many that produces:
len (repo_vocab)

The preceding code should result in output similar to the following;:

27098

I had starred 170 repositories, and together the users of those repositories starred
over 27,000 unique repositories. You can imagine if we went one degree further
out how many we might see.

Now that we have the full feature set, or repository vocabulary, we need to run every user
to create a binary vector that contains a 1 for every repository they've starred and a 0 for
every repository they haven't:

all_usr_vector = []
for k,v in starred_repos.items():
usr_vector = []

for url in repo_set:
if url in v:
usr_vector.extend([1])
else:
usr_vector.extend([0])
all_usr_vector.append (usr_vector)

What we just did was check for every user whether they had starred every repository in our
repository vocabulary. If they did, they received a 1, if they didn't, they received a 0.

At this point, we have a 27,098 item binary vector for each user—all 170 of them. Let's now
put this into a DataFrame. The row index will be the user handles we starred, and the
columns will be the repository vocabulary:

df = pd.DataFrame (all_usr_vector, columns=repo_set,
index=starred_repos.keys())

df
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The preceding code will generate output similar to the following:

ettty v Sy e hir e ""m“mmw"":u”m hittpatigliivie sombaichintisronber

G harging -fiot 0 a2 n
smantasnt [ O o
Eingoola [ a ]
jermERndanbassche 1] a 1]
akrEgreEnG i} o 1]
ps— 0 o] ]

exhi i a ]

kBimchal i a ]
Frumst Saskil 0 a ]
. 0 a o

Next, in order to compare ourselves to the other users, we need to add our own row to this
frame. Here, I add my user handle, but you should add your own:

my_repo_comp = []
for i in df.columns:
if i in my_starred_repos:
my_repo_comp.append (1)
else:
my_repo_comp.append (0)

mrc = pd.Series (my_repo_comp) .to_frame('acombs').T
mrc

The preceding code will generate output similar to the following:

0123 456 7 8 9 .. 27088 27089 27090 27091 27092 27093 27094 27095 27096 27097

acombs 0 0 0 0 0 0O 0O O 0O 0 .. 0 0 0 0 0 0 0 0 0 0
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We now need add the appropriate column names and to concatenate this to our other
DataFrame:

mrc.columns = df.columns
fdf = pd.concat ([df, mrc])
fdf

The preceding code will result in output similar to the following:

JohnSnowlats o a 0
ipython-canirils o a 0
sanliakabs o a 0
aiiehrowsar o i 1]
Junceagl [k} i} b
lemmnbypexarmgle o a i)
altair-viz o a 0
h“"“"‘g'.'f'l':; o 0 o
Aruny 4] a 0

Ao o 0 0

You can see in the previous screenshot that I've been added into the DataFrame.

From here, we just need to calculate the similarity between ourselves and the other users
we've starred. We'll do that now using the pearsonr function which we'll need to import
from SciPy:

from scipy.stats import pearsonr

sim_score = {}

for i in range(len(£fdf)):
ss = pearsonr (fdf.iloc[-1,:], fdf.iloc[i, :])
sim_score.update ({i: ss[0]})

sf = pd.Series(sim_score) .to_frame('similarity')
sf
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The preceding code will generate output similar to the following;:

similarity
i} ah
1 uDaEsE

(002580
E800a

2
-
4 iard
]
(]

Hai
0154673
o oard

B ak
8 0024107

What we've just done is compare our vector, the last one in the DataFrame, to every other
user's vector to generate a centered cosine similarity (Pearson correlation coefficient). Some
values are by necessity NaN, as they've starred no repositories, and hence result in division
by zero in the calculation:

1. Let's now sort these values to return the index of the users who are most similar:

sf.sort_values('similarity', ascending=False)
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The preceding code will result in output similar to the following;:

188

12
145

simiarity
1. 000000
Q184673
133273
0118338
R R ]
01022358
TG
{LiBs0ng
0.0BERB0

0.0BS535

So there we have it, those are the most similar users, and hence the ones that we
can use to recommend repositories we might enjoy. Let's take a look at these users

and what they have starred that we might like.

2. You can ignore that first user with a perfect similarity score; that's our own
repository. Going down the list, the three nearest matches are user 6, user 42, and

user 116. Let's look at each:

fdf.index[6]

The preceding code will result in output similar to the following:

‘echi’

3. Let's take a look at who this is and their repository. From

https://github.com/cchi, I can see who the repository belongs to the following

user:
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Charles Chi

Follow

Blicck OF me@nrt dsar

data scientist

This is actually Charles Chi, a former colleague of mine from Bloomberg, so this is no
surprise. Let's see what he has starred:

1. There are a couple of ways to do this; we can either use our code, or just click
under their picture on stars. Let's do both for this one, just to compare and make
sure everything matches up. First, let's do it via code:

fdf.iloc[6, :][fdf.iloc[6, :]1==1]
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This results in the following output:

httpa: S/ github. con/hangtwenky fdive-into-machloe-laaraing
Lthob. con/desinityivital
b /S glihab, eony
httpat S fglehab. condchaconnewn /£ rae-dats-aolonoa-bao ke
hetpse S fglthab. cond johmyleswhi to HL_for Haokers
https: S Sglthub. com/ jerceniensoens/data=soionoe=at=tho=-comnand=Line
https: ) fgithob.condtensorf low/ skilow
https: M/ githob. oomdnborwenkarcf LearnDataSoience
httpa: S githob.cond/darivsk/ corpors
httis: S Sgithol. consshagupneadhani fpapecra-I-cond
NEEpa: Lthnb. sof/cllpaSpatEsEs

namEnta nupie

https: S Solthub,. conyspaabt /pakbarn clepnificatlon
httpae S fglehob. comfagache/ peadictlonls

https:/ fglehab. cond/gracesvery /Eigenstyla

https: f/githob. confprakbar 1989 { swpEomp=C00 TSRS
https: ffglthob.con/Datascienoe8pecialisation/conroas
hittos: S fglthob.comfacikic-learnfapikit-laarn

e el e e gl e e e b e o i el el e

2. We see 30 starred repositories. Let's compare those to the ones from GitHub's
site:
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3. Here we can see they're identical, and you'll notice you can ID the repositories
that we've both starred: they are the ones labelled Unstar.

4. Unfortunately, with just 30 starred repositories, there aren't a lot of repositories
to generate recommendations.

5. The next user in terms of similarity is 42, Artem Golubin:

fdf.index[42]

The preceding code results in the following output:

"rushter’

And his GitHub profile below:

Artem Golubin

rusnter
Fallow

Block of fepar Lse
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Here we see the repositories he has starred:

w ITie [} AT T " RIP
S[FOETOEEE

7 1 e W e

Artarm Golubdn
: alewspak [ Insics python dict W e

Frikaw

6. Artem has starred over 500 repositories, so there are definitely some
recommendations to be found there.

7. And finally, let's look at the third most similar user:

fdf.index[116]

This results in the following output:

"Justmarkham’

This user, Kevin Markham, has starred around 60 repositories:

Kevin Markham

oo
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We can see the starred repositories in the following image:

Fafom

Br T " L4y

IO IO ey

1 -

Kevin Markham

chris1810 / pbpythan

pallEglianag | Rallowsan-oatliimsa-gatages]

L -]

#r B

This is definitely fertile ground for generating recommendations. Let's now do just that;
let's use the links from these three to produce some recommendations:

1. We need to gather the links to the repositories they've starred and that I haven't.
We'll create a DataFrame that has the repositories I've starred as well as the three
most similar users to me:

all_recs = fdf.iloc[[6,42,116,159], :]
all_recs.T

The preceding code will produce the following output:

cchi rushter justmarkham acombs

https://github.com/sebpiq/rhizome 0 0 0 0
https://github.com/googleapis/google-cloud-python 0 0 0 0
https://github.com/taichino/croniter 0 0 0 0
https://github.com/PhrozenByte/rmtrash 0 0 0 0
https://github.com/LeCoupa/awesome-cheatsheets 0 0 0 0
https://github.com/chrischoy/3D-R2N2 0 0 0 0
https://github.com/CISOfy/lynis 0 0 0 0
https://github.com/schneems/Octave 0 0 0 0
https://github.com/quantmind/d3-view 0 0 0 0
https://github.com/uwescience/shablona 0 0 0 0
https://github.com/mickelindahl/progress-barjs 0 0 0 0
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2. Don't worry if it looks like it's all zeros; this is a sparse matrix so most will be 0.
Let's see whether there are any repositories we've all starred:

all_recs|[ (all_recs==1) .all (axis=1)]

The preceding code will produce the following output:

cchl  mshber  Justmarkham  scombes

Pl o e, lres-inte larning 1.0 1.0 1.0 1.0
Bt pec gl comdasikit-laa rmdsskil-learn 1.0 1.0 1.0 1.0
et e g cor o plur ! I ladrnilng 1.0 1.0 1.0 LG

3. As you can see, we all seem to love scikit-learn and machine learning
repositories—no surprise there. Let's see what they might have all starred that I
missed. We'll start by creating a frame that excludes me, and then we'll query it
for commonly starred repositories:

str_recs_tmp = all_recs[all_recs[myun]==0].copy ()
str_recs = str_recs_tmp.iloc[:, :-1].copy()

str_recs|[ (str_recs==1) .all (axis=1)]

The preceding code produces the following output:

ochi rushter justmarkham

4. Okay, so it looks like I haven't been missing anything super obvious. Let's see if
there any repositories that at least two out of three users starred. To find this,
we'll just sum across the rows:

str_recs.sum(axis=1) .to_frame ('total') .sort_values (by='total',
ascending=False)
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The preceding code will result in output similar to the following;:

1okl

hitpelgdhub, comMR Wi LA awes arms-nnn -.EE-
hiipm/igShub.comigirbnbiaerosciye 20

hitpesgithub comiapache‘peadiotionis. 20

il glthily comdsaatpeenTussyaussy o0

hitscdigitedn comiblus-yondaritsirash 20

hsipsdigithub, comMstnSciencefpacalimbovcoursny . 20
nitpsigithub comhalivwnip 20

hitpsc gt cominumentanuploc 20

hiEgas el S raibUpatie rn_clissilication 20

it githisk com/EpintasaLabMpct 2. [

hispe!gEub comChristosChrisiofidin nwesoma-deap-lsarning 20
hitpsugihub.comiopenaligym 20

Bittpsuiglihub. cons'u wolicarn/Machine-Loaming- Tulorials 20
hitpachigivhub. oo To mdu g sgeos g rpes dearn 1.6
ritzmclgithul comd milauh ke pylhen-reges-canner 1.0

g github comdTaceboakarchivaicatag 1.C

This looks promising. There are lots of good ML and Al repositories, and I'm honestly
ashamed I never starred fuzzywuzzy as I use that quite frequently.

At this point,  have to say I'm impressed with the results. These are definitely repositories
that interest me, and I'll be checking them out.

So far, we've generated the recommendations using collaborative filtering and done some
light additional filtering using aggregation. If we wanted to go further, we could order the
recommendation based upon the total number of stars they received. This could be
achieved by making another call to the GitHub API. There's an endpoint that provides this
information.

Another thing we could do to improve the results is to add in a layer of content-based
filtering. This is the hybridization step we discussed earlier. We would need to create a set
of features from our own repository that was indicative of the types of things we would be
interested in. One way to do this would be to create a feature set by tokenizing the names of
the repositories we have starred along with their descriptions.

[347]



Build a Recommendation Engine Chapter 10

Here's a look at my starred repositories:

IR RN EY 1A ;'.lrl 1" F sl 18 O
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siash3al |/ sgler i
qLE ] Lo

L L]

egthris [ uncapMchas i Ll
A|EIEI.HHEF C'Ell‘ﬂhg Heipirg S axi varniT of S upera mih BT pomormey
poomt s & -

As you might imagine, this would generate a set of word features that we could use to vet
the repositories of those we found using collaborative filtering. This would include a lot of
words such as Python, Machine Learning, and Data Science. This would ensure that users who
are less similar to ourselves are still providing recommendations that are based on our own
interests. It would also reduce the serendipity of the recommendations, which is something
to consider. Perhaps there's something unlike anything I have currently that I would love to
see. It's certainly a possibility.

What would that content-based filtering step look like in terms of a DataFrame? The
columns would be word features (n-grams) and the rows would be the repositories
generated from our collaborative filtering step. We would just run the similarity process
once again using our own repository for comparison.

Summary

In this chapter, we learned about recommendation engines. We learned about the two
primary types of systems in use today: collaborative filtering and content-based filtering.
We also learned how they can be used together to form a hybrid system. We also discussed
the pros and cons of each type of system. And finally, we learned step by step how to build
a recommendation engine from scratch using the GitHub APIL.

I hope you build your own recommendation engine using the guidance in this chapter, and
I'hope you find resources that are useful to you. I know I've found a number of things I will
certainly be using. Best of luck to you on your journey!
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What's Next?

So far, we've used machine learning (ML) to implement various tasks. There are many
advancements in the field of ML, and with each passing day, the areas in which it is applied
are increasing too.

In this chapter, we'll summarize the projects that we executed in the previous chapters.

Summary of the projects

Let's start with chapter 1, The Python Machine Learning Ecosystem.

In the first chapter, we began with an overview of ML with Python. We started with the ML
workflow, which included acquisition, inspection, preparation, modeling evaluation, and
deployment. Then we studied the various Python libraries and functions that are needed
for each step of the workflow. Lastly, we set up our ML environment to execute the
projects.

Chapter 2, Building an App to Find Underpriced Apartments, as the name says, was based

on building an app to find underpriced apartments. Initially, we listed our data to find the
source of the apartments in the required location. Then, we inspected the data, and after
preparing and visualizing the data, we performed regression modeling. Linear regression is
a type of supervised ML. Supervised, in this context, simply means we provide the output
values for our training set.

Then, we spent the remainder of our time exploring the options as per our choice. We
created an application that made finding the right apartment just a little bit easier.
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In chapter 3, Building an App to Find Cheap Airfare, we built a similar app as in Chapter 2,
Building an App to Find Underpriced Apartments, but to find cheap airfare. We started by
sourcing airfare prices on the web. We used one of the trending techniques, web scraping,
to retrieve the data of the airplane fares. To parse the DOM for our Google page, we used
the Beautifulsoup library. Then, we used anomaly detection techniques to identify
outlier fares. In doing this, cheaper airfare can be found, and we'll receive real-time text
alerts using IFTTT.

In chapter 4, Forecasting the IPO Market Using Logistic Regression, we looked at how the IPO
market works. First, we discussed what an Initial Public Offering (IPO) is, and what the
research tells us about this market. After that, we discussed a number of strategies that we
can apply to predict the IPO market. It involved data cleansing and feature-engineering.
Then, we implemented binary classification of the data using logistic regression to analyze
the data. Then, we evaluated the final model, which was obtained as the output.

We also understood that the features that have an impact on our model include the feature
importance that comes out of a random forest classifier. This more accurately reflects the
true impact of a given feature.

Chapter 5, Create a Custom Newsfeed, was mostly for avid news readers who are interested
in knowing what's going on around the globe. By creating a custom newsfeed, you can
decide what news updates you get on your devices. In this chapter, you learned how to
build a system that understands your taste in news, and will send you a tailored newsletter
each day. We started by creating a supervised training set with the Pocket app, and then
leveraged the Pocket API to retrieve the stories. We used the Embedly API to extract story
bodies.

Then, we studied the basics of natural language processing (NLP) and Support Vector
Machines (SVMs). We integrated If This Then That (IFTTT) with RSS feeds and Google
sheets so that we could stay up to date with notifications, emails, and more. Lastly, we set
up a daily personal newsletter. We used the Webhooks channel to send a POST request.

The script runs every four hours, pulls down the news stories from Google Sheets, runs the
stories through the model, generates an email by sending a POST request to IFTTT for the
stories that are predicted to be of interest, and then, finally, it will clear out the stories in the
spreadsheet so only new stories get sent in the next email. And that's how we get our very
own personalized newsfeed.

In chapter 6, Predicate Whether Your Content Will Go Viral, we examined some of the most-
shared content and attempted to find the common elements that differentiate this content
from the content people were less inclined to share. The chapter started by providing an
understanding of what exactly virality means. We also looked at what research tells us
about virality.
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Then, as we did it in the rest of the chapters we will be sourcing the shared counts and
content. We used a dataset that was collected from a now-defunct website

called ruzzit .com. This site, when it was active, tracked the most-shared content over
time, which was exactly what we needed for this project. Then we explored the features of
shareability, which included exploring image data, clustering, exploring the headlines, and
exploring the story's content.

The last, but most important, part was building the predictive content-scoring model. We
used an algorithm called random forest regression. We built the model with zero errors in
it. Then, we evaluated the model and added some features to enhance it.

In chapter 7, Use Machine Learning to Forecast the Stock Market, we learned how to build and
test a trading strategy. We also learned how not to do it. There are countless pitfalls to avoid
when trying to devise your own system, and it's nearly an impossible task, but it can be a
lot of fun, and sometimes it can even be profitable. That said, don't do dumb things, such as
risking money you can't afford to lose.

When you're ready to risk you money, you might as well learn some tricks and tips to
avoid losing much of it. Who likes to lose in life—be it for money or a game?

We mostly concentrated our attention on stocks and the stock market. Initially, we
analyzed types of markets and then the researched on the stock market. It's always better to
have some prior knowledge before risking anything. We began developing our strategy by
focusing on the technical aspects. We went through the S&P 500 over the last few years and
used pandas to import our data. That gave us access to several sources of stock data,
including Yahoo! and Google.

Then we built the regression model. We started with a very basic model using only the
stock's prior closing values to predict the next day's close, and built it using a support
vector regression. Lastly, we evaluated the performance of our model and the trades that
were carried out.

Long before Siri was released with the iPhone 45, we had chatbots that were used widely
across multiple applications. In chapter 9, Building a Chatbot, we learned about the Turing
Test and its origins. Then we looked at a program called ELIZA. If ELIZA was an early
example of chatbots, what have we seen since then? In recent years, there has been an
explosion of new chatbots—the most notable of these is Cleverbot.

Then, we looked at the interesting part: designing these chatbots.

But what about more advanced bots? How are they built?
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Surprisingly, most chatbots you're likely to encounter don't use ML; they're what's know as
retrieval-based models. This means responses are predefined according to the question and
the context. The most common architecture for these bots is something called Artificial
Intelligence Markup Language (AIML). AIML is an XML-based schema for representing
how the bot should interact given the user's input. It's really just a more advanced version
of how ELIZA works.

Lastly, we did sequence-to-sequence modeling for chatbots. This is frequently used in
machine translation and question-answering applications as it allows us to map an input
sequence of any length to an output sequence of any length.

In chapter 8, Classifying Images with Convolutional Neural Networks, we looked at building a
Convolutional Neural Network (CNN) to classify images in the Zalando Research dataset
using Keras.

We started by extracting the image's features. Then, using CNNs, we understood the
network topology, the various convolutional layers and filters, and what max pooling
layers are.

Try building deeper models or grid searching over the many hyperparameters we used in
our models. Assess your classifier's performance as you would with any other model—try
building a confusion matrix to understand what classes we predicted well and what classes
we weren't as strong in!

In chapter 10, Build a Recommendation Engine, we explored different varieties of
recommendation systems. We saw how they're implemented commercially and how they
work. Then we implemented our own recommendation engine for finding

GitHub repositories.

We started with collaborative filtering. Collaborative filtering is based on the idea that,
somewhere out there in the world, you have a taste doppelganger—someone who has the
same feelings about how good Star Wars is and how awful Love Actually is.

Then we also studied what content-based filtering and hybrid systems are.

Lastly, we used the GitHub API to create a recommendation engine based on collaborative
filtering. The plan was to get all of the repositories that I'd starred over time and to then get
all of the creators of those repositories to find out what repositories they'd starred. This
enabled us to find out which users starred repositories were most similar to mine.
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Summary

This chapter was just a small recap to take you back through all the projects we

implemented.
I'hope you enjoyed reading this book, and that the executions will help you to create your

own projects in a similar manner!
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Learn to tune the parameters of Support Vector Machines (SVM)
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Renegade:
Adjective
‘Having rejected tradition: Unconventional.’

Merriam-Webster Dictionary



Acquiescence to tyranny is the death of the spirit

You may be 38 years old, as I happen to be. And one day,
some great opportunity stands before you and calls you to
stand up for some great principle, some great issue, some
great cause. And you refuse to do it because you are afraid
... You refuse to do it because you want to live longer ...
You're afraid that you will lose your job, or you are afraid
that you will be criticised or that you will lose your
popularity, or you're afraid that somebody will stab you, or
shoot at you or bomb your house; so you refuse to take the
stand.

Well, you may go on and live until you are 90, but you're just
as dead at 38 as you would be at 90. And the cessation of
breathing in your life is but the belated announcement of an
earlier death of the spirit.

Martin Luther King



How the few control the many and always have — the many do
whatever they're told

‘Forward, the Light Brigade!’
Was there a man dismayed?
Not though the soldier knew
Someone had blundered.
Theirs not to make reply,
Theirs not to reason why,
Theirs but to do and die.
Into the valley of Death
Rode the six hundred.

Cannon to right of them,
Cannon to left of them,
Cannon in front of them
Volleyed and thundered;
Stormed at with shot and shell,
Boldly they rode and well,
Into the jaws of Death,
Into the mouth of hell
Rode the six hundred

Alfred Lord Tennyson (1809-1892)



The mist is lifting slowly
I can see the way ahead
And I've left behind the empty streets
That once inspired my life
And the strength of the emotion
Is like thunder in the air
’Cos the promise that we made each other
Haunts me to the end

The secret of your beauty
And the mystery of your soul
I've been searching for in everyone I meet
And the times I've been mistaken
It’s impossible to say
And the grass is growing
Underneath our feet

The words that I remember
From my childhood still are true
That there’s none so blind
As those who will not see
And to those who lack the courage
And say it’s dangerous to try
Well they just don’t know
That love eternal will not be denied

I know you're out there somewhere
Somewhere, somewhere
I know you're out there somewhere



Somewhere you can hear my voice
I know I'll find you somehow
Somehow, somehow
I know I'll find you somehow
And somehow I'll return again to you

The Moody Blues



Are you a qutless wonder - or a Renegade Mind?

Monuments put from pen to paper,
Turns me into a gutless wonder,
And if you tolerate this,

Then your children will be next.
Gravity keeps my head down,
Or is it maybe shame ...

Manic Street Preachers

Rise like lions after slumber

In unvanquishable number.
Shake your chains to earth like dew
Which in sleep have fallen on you.

Ye are many — they are few.

Percy Shelley
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CHAPTER ONE
I'm thinking’ - Oh, but are you?

Think for yourself and let others enjoy the privilege of doing so too
Voltaire

rench-born philosopher, mathematician and scientist René
Descartes became famous for his statement in Latin in the 17th
century which translates into English as: ‘I think, therefore I am.’

On the face of it that is true. Thought reflects perception and
perception leads to both behaviour and self-identity. In that sense
‘we’ are what we think. But who or what is doing the thinking and is
thinking the only route to perception? Clearly, as we shall see, ‘we’
are not always the source of ‘our” perception, indeed with regard to
humanity as a whole this is rarely the case; and thinking is far from
the only means of perception. Thought is the village idiot compared
with other expressions of consciousness that we all have the
potential to access and tap into. This has to be true when we are
those other expressions of consciousness which are infinite in nature.
We have forgotten this, or, more to the point, been manipulated to
forget.

These are not just the esoteric musings of the navel. The whole
foundation of human control and oppression is control of
perception. Once perception is hijacked then so is behaviour which
is dictated by perception. Collective perception becomes collective
behaviour and collective behaviour is what we call human society.
Perception is all and those behind human control know that which is



why perception is the target 24/7 of the psychopathic manipulators
that I call the Global Cult. They know that if they dictate perception
they will dictate behaviour and collectively dictate the nature of
human society. They are further aware that perception is formed
from information received and if they control the circulation of
information they will to a vast extent direct human behaviour.
Censorship of information and opinion has become globally Nazi-
like in recent years and never more blatantly than since the illusory
‘virus pandemic” was triggered out of China in 2019 and across the
world in 2020. Why have billions submitted to house arrest and
accepted fascistic societies in a way they would have never believed
possible? Those controlling the information spewing from
government, mainstream media and Silicon Valley (all controlled by
the same Global Cult networks) told them they were in danger from
a ‘deadly virus” and only by submitting to house arrest and
conceding their most basic of freedoms could they and their families
be protected. This monumental and provable lie became the
perception of the billions and therefore the behaviour of the billions. In
those few words you have the whole structure and modus operandi
of human control. Fear is a perception — False Emotion Appearing
Real — and fear is the currency of control. In short ... get them by the
balls (or give them the impression that you have) and their hearts
and minds will follow. Nothing grips the dangly bits and freezes the
rear-end more comprehensively than fear.

World number 1

There are two “worlds’ in what appears to be one ‘world” and the
prime difference between them is knowledge. First we have the mass
of human society in which the population is maintained in coldly-
calculated ignorance through control of information and the
‘education’ (indoctrination) system. That'’s all you really need to
control to enslave billions in a perceptual delusion in which what are
perceived to be their thoughts and opinions are ever-repeated
mantras that the system has been downloading all their lives
through ‘education’, media, science, medicine, politics and academia



in which the personnel and advocates are themselves
overwhelmingly the perceptual products of the same repetition.
Teachers and academics in general are processed by the same
programming machine as everyone else, but unlike the great
majority they never leave the “education” program. It gripped them
as students and continues to grip them as programmers of
subsequent generations of students. The programmed become the
programmers — the programmed programmers. The same can
largely be said for scientists, doctors and politicians and not least
because as the American writer Upton Sinclair said: ‘It is difficult to
get a man to understand something when his salary depends upon
his not understanding it.” If your career and income depend on
thinking the way the system demands then you will — bar a few free-
minded exceptions — concede your mind to the Perceptual
Mainframe that I call the Postage Stamp Consensus. This is a tiny
band of perceived knowledge and possibility ‘taught” (downloaded)
in the schools and universities, pounded out by the mainstream
media and on which all government policy is founded. Try thinking,
and especially speaking and acting, outside of the “‘box” of consensus
and see what that does for your career in the Mainstream Everything
which bullies, harasses, intimidates and ridicules the population into
compliance. Here we have the simple structure which enslaves most
of humanity in a perceptual prison cell for an entire lifetime and I'll
go deeper into this process shortly. Most of what humanity is taught
as fact is nothing more than programmed belief. American science
fiction author Frank Herbert was right when he said: ‘Belief can be
manipulated. Only knowledge is dangerous.” In the ‘Covid” age
belief is promoted and knowledge is censored. It was always so, but
never to the extreme of today.

World numhber 2

A ‘number 2’ is slang for “doing a poo” and how appropriate that is
when this other ‘world’ is doing just that on humanity every minute
of every day. World number 2 is a global network of secret societies
and semi-secret groups dictating the direction of society via



governments, corporations and authorities of every kind. I have
spent more than 30 years uncovering and exposing this network that
I call the Global Cult and knowing its agenda is what has made my
books so accurate in predicting current and past events. Secret
societies are secret for a reason. They want to keep their hoarded
knowledge to themselves and their chosen initiates and to hide it
from the population which they seek through ignorance to control
and subdue. The whole foundation of the division between World 1
and World 2 is knowledge. What number 1 knows number 2 must not.
Knowledge they have worked so hard to keep secret includes (a) the
agenda to enslave humanity in a centrally-controlled global
dictatorship, and (b) the nature of reality and life itself. The latter (b)
must be suppressed to allow the former (a) to prevail as I shall be
explaining. The way the Cult manipulates and interacts with the
population can be likened to a spider’s web. The ‘spider” sits at the
centre in the shadows and imposes its will through the web with
each strand represented in World number 2 by a secret society,
satanic or semi-secret group, and in World number 1 — the world of
the seen — by governments, agencies of government, law
enforcement, corporations, the banking system, media
conglomerates and Silicon Valley (Fig 1 overleaf). The spider and the
web connect and coordinate all these organisations to pursue the
same global outcome while the population sees them as individual
entities working randomly and independently. At the level of the
web governments are the banking system are the corporations are the
media are Silicon Valley are the World Health Organization working
from their inner cores as one unit. Apparently unconnected
countries, corporations, institutions, organisations and people are on
the same team pursuing the same global outcome. Strands in the web
immediately around the spider are the most secretive and exclusive
secret societies and their membership is emphatically restricted to
the Cult inner-circle emerging through the generations from
particular bloodlines for reasons I will come to. At the core of the
core you would get them in a single room. That’s how many people
are dictating the direction of human society and its transformation



through the ‘Covid” hoax and other means. As the web expands out
from the spider we meet the secret societies that many people will be
aware of — the Freemasons, Knights Templar, Knights of Malta, Opus
Dei, the inner sanctum of the Jesuit Order, and such like. Note how
many are connected to the Church of Rome and there is a reason for
that. The Roman Church was established as a revamp, a rebranding,
of the relocated ‘Church’ of Babylon and the Cult imposing global
tyranny today can be tracked back to Babylon and Sumer in what is
now Irag.

Figure 1: The global web through which the few control the many. (Image Neil Hague.)

Inner levels of the web operate in the unseen away from the public
eye and then we have what I call the cusp organisations located at
the point where the hidden meets the seen. They include a series of
satellite organisations answering to a secret society founded in
London in the late 19th century called the Round Table and among
them are the Royal Institute of International Affairs (UK, founded in
1920); Council on Foreign Relations (US, 1921); Bilderberg Group
(worldwide, 1954); Trilateral Commission (US/worldwide, 1972); and
the Club of Rome (worldwide, 1968) which was created to exploit
environmental concerns to justify the centralisation of global power
to ‘save the planet’. The Club of Rome instigated with others the
human-caused climate change hoax which has led to all the ‘green



new deals’” demanding that very centralisation of control. Cusp
organisations, which include endless ‘think tanks’ all over the world,
are designed to coordinate a single global policy between political
and business leaders, intelligence personnel, media organisations
and anyone who can influence the direction of policy in their own
sphere of operation. Major players and regular attenders will know
what is happening — or some of it — while others come and go and
are kept overwhelmingly in the dark about the big picture. I refer to
these cusp groupings as semi-secret in that they can be publicly
identified, but what goes on at the inner-core is kept very much ‘in
house” even from most of their members and participants through a
fiercely-imposed system of compartmentalisation. Only let them
know what they need to know to serve your interests and no more.
The structure of secret societies serves as a perfect example of this
principle. Most Freemasons never get higher than the bottom three
levels of ‘degree’ (degree of knowledge) when there are 33 official
degrees of the Scottish Rite. Initiates only qualify for the next higher
‘compartment” or degree if those at that level choose to allow them.
Knowledge can be carefully assigned only to those considered ‘safe’.
I went to my local Freemason’s lodge a few years ago when they
were having an ‘open day’ to show how cuddly they were and when
I chatted to some of them I was astonished at how little the rank and
file knew even about the most ubiquitous symbols they use. The
mushroom technique — keep them in the dark and feed them bullshit
— applies to most people in the web as well as the population as a
whole. Sub-divisions of the web mirror in theme and structure
transnational corporations which have a headquarters somewhere in
the world dictating to all their subsidiaries in different countries.
Subsidiaries operate in their methodology and branding to the same
centrally-dictated plan and policy in pursuit of particular ends. The
Cult web functions in the same way. Each country has its own web
as a subsidiary of the global one. They consist of networks of secret
societies, semi-secret groups and bloodline families and their job is
to impose the will of the spider and the global web in their particular
country. Subsidiary networks control and manipulate the national
political system, finance, corporations, media, medicine, etc. to



ensure that they follow the globally-dictated Cult agenda. These
networks were the means through which the ‘Covid” hoax could be
played out with almost every country responding in the same way.

The ‘Yessir pyramid

Compartmentalisation is the key to understanding how a tiny few
can dictate the lives of billions when combined with a top-down
sequence of imposition and acquiescence. The inner core of the Cult
sits at the peak of the pyramidal hierarchy of human society (Fig 2
overleaf). It imposes its will — its agenda for the world — on the level
immediately below which acquiesces to that imposition. This level
then imposes the Cult will on the level below them which acquiesces
and imposes on the next level. Very quickly we meet levels in the
hierarchy that have no idea there even is a Cult, but the sequence of
imposition and acquiescence continues down the pyramid in just the
same way. ‘I don’t know why we are doing this but the order came
from “on-high” and so we better just do it.” Alfred Lord Tennyson
said of the cannon fodder levels in his poem The Charge of the Light
Brigade: “Theirs not to reason why; theirs but to do and die.” The next
line says that ‘into the valley of death rode the six hundred” and they
died because they obeyed without question what their perceived
‘superiors’ told them to do. In the same way the population
capitulated to ‘Covid’. The whole hierarchical pyramid functions
like this to allow the very few to direct the enormous many.
Eventually imposition-acquiescence-imposition-acquiescence comes
down to the mass of the population at the foot of the pyramid. If
they acquiesce to those levels of the hierarchy imposing on them
(governments/law enforcement/doctors/media) a circuit is
completed between the population and the handful of super-
psychopaths in the Cult inner core at the top of the pyramid.
Without a circuit-breaking refusal to obey, the sequence of
imposition and acquiescence allows a staggeringly few people to
impose their will upon the entirety of humankind. We are looking at
the very sequence that has subjugated billions since the start of 2020.
Our freedom has not been taken from us. Humanity has given it



away. Fascists do not impose fascism because there are not enough
of them. Fascism is imposed by the population acquiescing to
fascism. Put another way allowing their perceptions to be
programmed to the extent that leads to the population giving their
freedom away by giving their perceptions — their mind — away. If this
circuit is not broken by humanity ceasing to cooperate with their
own enslavement then nothing can change. For that to happen
people have to critically think and see through the lies and window
dressing and then summon the backbone to act upon what they see.
The Cult spends its days working to stop either happening and its
methodology is systematic and highly detailed, but it can be
overcome and that is what this book is all about.

Figure 2: The simple sequence of imposition and compliance that allows a handful of people
at the peak of the pyramid to dictate the lives of billions.

The Life Program

Okay, back to world number 1 or the world of the ‘masses’. Observe
the process of what we call ‘life” and it is a perceptual download
from cradle to grave. The Cult has created a global structure in
which perception can be programmed and the program continually
topped-up with what appears to be constant confirmation that the
program is indeed true reality. The important word here is “appears’.



This is the structure, the fly-trap, the Postage Stamp Consensus or
Perceptual Mainframe, which represents that incredibly narrow
band of perceived possibility delivered by the ‘education” system,
mainstream media, science and medicine. From the earliest age the
download begins with parents who have themselves succumbed to
the very programming their children are about to go through. Most
parents don’t do this out of malevolence and mostly it is quite the
opposite. They do what they believe is best for their children and
that is what the program has told them is best. Within three or four
years comes the major transition from parental programming to full-
blown state (Cult) programming in school, college and university
where perceptually-programmed teachers and academics pass on
their programming to the next generations. Teachers who resist are
soon marginalised and their careers ended while children who resist
are called a problem child for whom Ritalin may need to be
prescribed. A few years after entering the ‘world’ children are under
the control of authority figures representing the state telling them
when they have to be there, when they can leave and when they can
speak, eat, even go to the toilet. This is calculated preparation for a
lifetime of obeying authority in all its forms. Reflex-action fear of
authority is instilled by authority from the start. Children soon learn
the carrot and stick consequences of obeying or defying authority
which is underpinned daily for the rest of their life. Fortunately I
daydreamed through this crap and never obeyed authority simply
because it told me to. This approach to my alleged “betters” continues
to this day. There can be consequences of pursuing open-minded
freedom in a world of closed-minded conformity. I spent a lot of time
in school corridors after being ejected from the classroom for not
taking some of it seriously and now I spend a lot of time being
ejected from Facebook, YouTube and Twitter. But I can tell you that
being true to yourself and not compromising your self-respect is far
more exhilarating than bowing to authority for authority’s sake. You
don’t have to be a sheep to the shepherd (authority) and the sheep
dog (fear of not obeying authority).



The perceptual download continues throughout the formative
years in school, college and university while script-reading
‘teachers’, “academics’ “scientists’, “doctors” and ‘journalists’ insist
that ongoing generations must be as programmed as they are.
Accept the program or you will not pass your ‘exams” which confirm
your ‘degree’ of programming. It is tragic to think that many parents
pressure their offspring to work hard at school to download the
program and qualify for the next stage at college and university. The
late, great, American comedian George Carlin said: ‘Here’s a bumper
sticker I'd like to see: We are proud parents of a child who has
resisted his teachers” attempts to break his spirit and bend him to the
will of his corporate masters.” Well, the best of luck finding many of
those, George. Then comes the moment to leave the formal
programming years in academia and enter the “adult” world of work.
There you meet others in your chosen or prescribed arena who went
through the same Postage Stamp Consensus program before you
did. There is therefore overwhelming agreement between almost
everyone on the basic foundations of Postage Stamp reality and the
rejection, even contempt, of the few who have a mind of their own
and are prepared to use it. This has two major effects. Firstly, the
consensus confirms to the programmed that their download is really
how things are. I mean, everyone knows that, right? Secondly, the
arrogance and ignorance of Postage Stamp adherents ensure that
anyone questioning the program will have unpleasant consequences
for seeking their own truth and not picking their perceptions from
the shelf marked: ‘Things you must believe without question and if
you don’t you're a dangerous lunatic conspiracy theorist and a
harebrained nutter’.

Every government, agency and corporation is founded on the
same Postage Stamp prison cell and you can see why so many
people believe the same thing while calling it their own “opinion’.
Fusion of governments and corporations in pursuit of the same
agenda was the definition of fascism described by Italian dictator
Benito Mussolini. The pressure to conform to perceptual norms
downloaded for a lifetime is incessant and infiltrates society right



down to family groups that become censors and condemners of their
own ‘black sheep” for not, ironically, being sheep. We have seen an
explosion of that in the “Covid” era. Cult-owned global media
unleashes its propaganda all day every day in support of the Postage
Stamp and targets with abuse and ridicule anyone in the public eye
who won't bend their mind to the will of the tyranny. Any response
to this is denied (certainly in my case). They don’t want to give a
platform to expose official lies. Cult-owned-and-created Internet
giants like Facebook, Google, YouTube and Twitter delete you for
having an unapproved opinion. Facebook boasts that its Al censors
delete 97-percent of “hate speech’ before anyone even reports it.
Much of that ‘hate speech’” will simply be an opinion that Facebook
and its masters don’t want people to see. Such perceptual oppression
is widely known as fascism. Even Facebook executive Benny
Thomas, a “CEO Global Planning Lead’, said in comments secretly
recorded by investigative journalism operation Project Veritas that
Facebook is “‘too powerful” and should be broken up:

I mean, no king in history has been the ruler of two billion people, but Mark Zuckerberg is ...
And he’s 36. That’s too much for a 36-year-old ... You should not have power over two billion
people. | just think that’s wrong.

Thomas said Facebook-owned platforms like Instagram, Oculus, and
WhatsApp needed to be separate companies. ‘It’s too much power
when they're all one together’. That’s the way the Cult likes it,
however. We have an executive of a Cult organisation in Benny
Thomas that doesn’t know there is a Cult such is the
compartmentalisation. Thomas said that Facebook and Google “are
no longer companies, they're countries’. Actually they are more
powerful than countries on the basis that if you control information
you control perception and control human society.

Another expression of this psychological trickery is for those who
realise they are being pressured into compliance to eventually



convince themselves to believe the official narratives to protect their
self-respect from accepting the truth that they have succumbed to
meek and subservient compliance. Such people become some of the
most vehement defenders of the system. You can see them
everywhere screaming abuse at those who prefer to think for
themselves and by doing so reminding the compliers of their own
capitulation to conformity. “You are talking dangerous nonsense you
Covidiot!!” Are you trying to convince me or yourself? It is a potent
form of Stockholm syndrome which is defined as: ‘A psychological
condition that occurs when a victim of abuse identifies and attaches,
or bonds, positively with their abuser.” An example is hostages
bonding and even ‘falling in love” with their kidnappers. The
syndrome has been observed in domestic violence, abused children,
concentration camp inmates, prisoners of war and many and various
Satanic cults. These are some traits of Stockholm syndrome listed at
goodtherapy.org:

* Positive regard towards perpetrators of abuse or captor [see
‘Covid’].

* Failure to cooperate with police and other government authorities
when it comes to holding perpetrators of abuse or kidnapping
accountable [or in the case of ‘Covid’ cooperating with the police
to enforce and defend their captors” demands].

 Little or no effort to escape [see ‘Covid’].

* Belief in the goodness of the perpetrators or kidnappers [see
‘Covid’].

* Appeasement of captors. This is a manipulative strategy for
maintaining one’s safety. As victims get rewarded — perhaps with
less abuse or even with life itself — their appeasing behaviours are
reinforced [see ‘Covid’].

* Learned helplessness. This can be akin to ‘if you can’t beat ‘em,
join ‘em’. As the victims fail to escape the abuse or captivity, they
may start giving up and soon realize it’s just easier for everyone if
they acquiesce all their power to their captors [see ‘Covid’].



Feelings of pity toward the abusers, believing they are actually
victims themselves. Because of this, victims may go on a crusade
or mission to ‘save’ [protect] their abuser [see the venom
unleashed on those challenging the official ‘Covid’ narrative].

* Unwillingness to learn to detach from their perpetrators and heal.
In essence, victims may tend to be less loyal to themselves than to

their abuser [ definitely see ‘Covid’].

Ponder on those traits and compare them with the behaviour of
great swathes of the global population who have defended
governments and authorities which have spent every minute
destroying their lives and livelihoods and those of their children and
grandchildren since early 2020 with fascistic lockdowns, house arrest
and employment deletion to “protect’ them from a ‘deadly virus’ that
their abusers’ perceptually created to bring about this very outcome.
We are looking at mass Stockholm syndrome. All those that agree to
concede their freedom will believe those perceptions are originating
in their own independent ‘mind” when in fact by conceding their
reality to Stockholm syndrome they have by definition conceded any
independence of mind. Listen to the ‘opinions’ of the acquiescing
masses in this ‘Covid’ era and what gushes forth is the repetition of
the official version of everything delivered unprocessed, unfiltered
and unquestioned. The whole programming dynamic works this
way. I must be free because I'm told that I am and so I think that I
am.

You can see what I mean with the chapter theme of ‘I'm thinking —
Oh, but are you?’ The great majority are not thinking, let alone for
themselves. They are repeating what authority has told them to
believe which allows them to be controlled. Weaving through this
mentality is the fear that the ‘conspiracy theorists” are right and this
again explains the often hysterical abuse that ensues when you dare
to contest the official narrative of anything. Denial is the mechanism
of hiding from yourself what you don’t want to be true. Telling
people what they want to hear is easy, but it’s an infinitely greater
challenge to tell them what they would rather not be happening.



One is akin to pushing against an open door while the other is met
with vehement resistance no matter what the scale of evidence. I
don’t want it to be true so I'll convince myself that it’s not. Examples
are everywhere from the denial that a partner is cheating despite all
the signs to the reflex-action rejection of any idea that world events
in which country after country act in exactly the same way are
centrally coordinated. To accept the latter is to accept that a force of
unspeakable evil is working to destroy your life and the lives of your
children with nothing too horrific to achieve that end. Who the heck
wants that to be true? But if we don’t face reality the end is duly
achieved and the consequences are far worse and ongoing than
breaking through the walls of denial today with the courage to make
a stand against tyranny.

A crucial aspect of perceptual programming is to portray a world in
which everything is random and almost nothing is connected to
anything else. Randomness cannot be coordinated by its very nature
and once you perceive events as random the idea they could be
connected is waved away as the rantings of the tinfoil-hat brigade.
You can’t plan and coordinate random you idiot! No, you can’t, but
you can hide the coldly-calculated and long-planned behind the
illusion of randomness. A foundation manifestation of the Renegade
Mind is to scan reality for patterns that connect the apparently
random and turn pixels and dots into pictures. This is the way I
work and have done so for more than 30 years. You look for
similarities in people, modus operandi and desired outcomes and
slowly, then ever quicker, the picture forms. For instance: There
would seem to be no connection between the ‘Covid pandemic” hoax
and the human-caused global-warming hoax and yet they are masks
(appropriately) on the same face seeking the same outcome. Those
pushing the global warming myth through the Club of Rome and
other Cult agencies are driving the lies about ‘Covid” — Bill Gates is
an obvious one, but they are endless. Why would the same people be
involved in both when they are clearly not connected? Oh, but they



are. Common themes with personnel are matched by common goals.
The “solutions’ to both “problems’ are centralisation of global power
to impose the will of the few on the many to ‘save” humanity from
‘Covid’ and save the planet from an ‘existential threat’ (we need
‘zero Covid” and ‘zero carbon emissions’). These, in turn, connect
with the “dot’ of globalisation which was coined to describe the
centralisation of global power in every area of life through incessant
political and corporate expansion, trading blocks and superstates
like the European Union. If you are the few and you want to control
the many you have to centralise power and decision-making. The
more you centralise power the more power the few at the centre will
have over the many; and the more that power is centralised the more
power those at the centre have to centralise even quicker. The
momentum of centralisation gets faster and faster which is exactly
the process we have witnessed. In this way the hoaxed ‘“pandemic’
and the fakery of human-caused global warming serve the interests
of globalisation and the seizure of global power in the hands of the
Cult inner-circle which is behind ‘Covid’, ‘climate change” and
globalisation. At this point random “dots” become a clear and
obvious picture or pattern.

Klaus Schwab, the classic Bond villain who founded the Cult’s
Gates-funded World Economic Forum, published a book in 2020, The

Great Reset, in which he used the ‘problem’ of ‘Covid’ to justify a
total transformation of human society to ‘save” humanity from
‘climate change’. Schwab said: “The pandemic represents a rare but
narrow window of opportunity to reflect, reimagine, and reset our
world.” What he didn’t mention is that the Cult he serves is behind
both hoaxes as I show in my book The Answer. He and the Cult don't
have to reimagine the world. They know precisely what they want
and that’s why they destroyed human society with ‘Covid’ to ‘build
back better” in their grand design. Their job is not to imagine, but to
get humanity to imagine and agree with their plans while believing
it’s all random. It must be pure coincidence that “The Great Reset’
has long been the Cult’s code name for the global imposition of
fascism and replaced previous code-names of the ‘New World



Order’ used by Cult frontmen like Father George Bush and the ‘New
Order of the Ages” which emerged from Freemasonry and much
older secret societies. New Order of the Ages appears on the reverse
of the Great Seal of the United States as ‘Novus ordo seclorum’
underneath the Cult symbol used since way back of the pyramid and
all seeing-eye (Fig 3). The pyramid is the hierarchy of human control
headed by the illuminated eye that symbolises the force behind the
Cult which I will expose in later chapters. The term ‘Annuit Coeptis’
translates as ‘He favours our undertaking’. We are told the ‘He’ is
the Christian god, but ‘He’ is not as I will be explaining.

Figure 3: The all-seeing eye of the Cult ‘god’ on the Freemason-designed Great Seal of the
United States and also on the dollar bill.

Two major Cult techniques of perceptual manipulation that relate to
all this are what I have called since the 1990s Problem-Reaction-
Solution (PRS) and the Totalitarian Tiptoe (TT). They can be
uncovered by the inquiring mind with a simple question: Who
benefits? The answer usually identifies the perpetrators of a given
action or happening through the concept of ‘he who most benefits
from a crime is the one most likely to have committed it". The Latin
‘Cue bono?” — Who benefits? — is widely attributed to the Roman
orator and statesman Marcus Tullius Cicero. No wonder it goes back
so far when the concept has been relevant to human behaviour since



history was recorded. Problem-Reaction-Solution is the technique
used to manipulate us every day by covertly creating a problem (or
the illusion of one) and offering the solution to the problem (or the
illusion of one). In the first phase you create the problem and blame
someone or something else for why it has happened. This may relate
to a financial collapse, terrorist attack, war, global warming or
pandemic, anything in fact that will allow you to impose the
‘solution’ to change society in the way you desire at that time. The
‘problem” doesn’t have to be real. PRS is manipulation of perception
and all you need is the population to believe the problem is real.
Human-caused global warming and the ‘Covid pandemic” only have
to be perceived to be real for the population to accept the ‘solutions’ of
authority. I refer to this technique as NO-Problem-Reaction-Solution.
Billions did not meekly accept house arrest from early 2020 because
there was a real deadly ‘Covid pandemic’ but because they
perceived — believed — that to be the case. The antidote to Problem-
Reaction-Solution is to ask who benefits from the proposed solution.
Invariably it will be anyone who wants to justify more control
through deletion of freedom and centralisation of power and
decision-making.

The two world wars were Problem-Reaction-Solutions that
transformed and realigned global society. Both were manipulated
into being by the Cult as I have detailed in books since the mid-
1990s. They dramatically centralised global power, especially World
War Two, which led to the United Nations and other global bodies
thanks to the overt and covert manipulations of the Rockefeller
family and other Cult bloodlines like the Rothschilds. The UN is a
stalking horse for full-blown world government that I will come to
shortly. The land on which the UN building stands in New York was
donated by the Rockefellers and the same Cult family was behind
Big Pharma scalpel and drug ‘medicine” and the creation of the
World Health Organization as part of the UN. They have been
stalwarts of the eugenics movement and funded Hitler’s race-purity
expert’ Ernst Rudin. The human-caused global warming hoax has
been orchestrated by the Club of Rome through the UN which is



manufacturing both the ‘problem’ through its Intergovernmental
Panel on Climate Change and imposing the “solution’ through its
Agenda 21 and Agenda 2030 which demand the total centralisation
of global power to ‘save the world” from a climate hoax the United
Nations is itself perpetrating. What a small world the Cult can be
seen to be particularly among the inner circles. The bedfellow of
Problem-Reaction-Solution is the Totalitarian Tiptoe which became
the Totalitarian Sprint in 2020. The technique is fashioned to hide the
carefully-coordinated behind the cover of apparently random events.
You start the sequence at ‘A” and you know you are heading for ‘Z’.
You don’t want people to know that and each step on the journey is
presented as a random happening while all the steps strung together
lead in the same direction. The speed may have quickened
dramatically in recent times, but you can still see the incremental
approach of the Tiptoe in the case of ‘Covid” as each new imposition
takes us deeper into fascism. Tell people they have to do this or that
to get back to ‘normal’, then this and this and this. With each new
demand adding to the ones that went before the population’s
freedom is deleted until it disappears. The spider wraps its web
around the flies more comprehensively with each new diktat. I'll
highlight this in more detail when I get to the ‘Covid” hoax and how
it has been pulled off. Another prime example of the Totalitarian
Tiptoe is how the Cult-created European Union went from a ‘free-
trade zone’ to a centralised bureaucratic dictatorship through the
Tiptoe of incremental centralisation of power until nations became
mere administrative units for Cult-owned dark suits in Brussels.

The antidote to ignorance is knowledge which the Cult seeks
vehemently to deny us, but despite the systematic censorship to that
end the Renegade Mind can overcome this by vociferously seeking
out the facts no matter the impediments put in the way. There is also
a method of thinking and perceiving — knowing — that doesn’t even
need names, dates, place-type facts to identify the patterns that
reveal the story. I'll get to that in the final chapter. All you need to
know about the manipulation of human society and to what end is
still out there — at the time of writing — in the form of books, videos



and websites for those that really want to breach the walls of
programmed perception. To access this knowledge requires the
abandonment of the mainstream media as a source of information in
the awareness that this is owned and controlled by the Cult and
therefore promotes mass perceptions that suit the Cult. Mainstream
media lies all day, every day. That is its function and very reason for
being. Where it does tell the truth, here and there, is only because the
truth and the Cult agenda very occasionally coincide. If you look for
fact and insight to the BBC, CNN and virtually all the rest of them
you are asking to be conned and perceptually programmed.

Know the outcome and you'll see the journey

Events seem random when you have no idea where the world is
being taken. Once you do the random becomes the carefully
planned. Know the outcome and you'll see the journey is a phrase I
have been using for a long time to give context to daily happenings
that appear unconnected. Does a problem, or illusion of a problem,
trigger a proposed ‘solution’ that further drives society in the
direction of the outcome? Invariably the answer will be yes and the
random — abracadabra — becomes the clearly coordinated. So what is
this outcome that unlocks the door to a massively expanded
understanding of daily events? I will summarise its major aspects —
the fine detail is in my other books — and those new to this
information will see that the world they thought they were living in
is a very different place. The foundation of the Cult agenda is the
incessant centralisation of power and all such centralisation is
ultimately in pursuit of Cult control on a global level. I have
described for a long time the planned world structure of top-down
dictatorship as the Hunger Games Society. The term obviously
comes from the movie series which portrayed a world in which a
few living in military-protected hi-tech luxury were the overlords of
a population condemned to abject poverty in isolated “sectors’ that
were not allowed to interact. ‘Covid” lockdowns and travel bans
anyone? The ‘Hunger Games’ pyramid of structural control has the
inner circle of the Cult at the top with pretty much the entire



population at the bottom under their control through dependency
for survival on the Cult. The whole structure is planned to be
protected and enforced by a military-police state (Fig 4).

Here you have the reason for the global lockdowns of the fake
pandemic to coldly destroy independent incomes and livelihoods
and make everyone dependent on the ‘state’ (the Cult that controls
the ‘states’).  have warned in my books for many years about the
plan to introduce a ‘guaranteed income’ — a barely survivable
pittance — designed to impose dependency when employment was
destroyed by Al technology and now even more comprehensively at
great speed by the ‘Covid” scam. Once the pandemic was played and
lockdown consequences began to delete independent income the
authorities began to talk right on cue about the need for a
guaranteed income and a ‘Great Reset’. Guaranteed income will be
presented as benevolent governments seeking to help a desperate
people — desperate as a direct result of actions of the same
governments. The truth is that such payments are a trap. You will
only get them if you do exactly what the authorities demand
including mass vaccination (genetic manipulation). We have seen
this theme already in Australia where those dependent on
government benefits have them reduced if parents don't agree to
have their children vaccinated according to an insane health-
destroying government-dictated schedule. Calculated economic
collapse applies to governments as well as people. The Cult wants
rid of countries through the creation of a world state with countries
broken up into regions ruled by a world government and super
states like the European Union. Countries must be bankrupted, too,
to this end and it’s being achieved by the trillions in ‘rescue
packages’ and furlough payments, trillions in lost taxation, and
money-no-object spending on ‘Covid” including constant all-
medium advertising (programming) which has made the media
dependent on government for much of its income. The day of
reckoning is coming — as planned — for government spending and
given that it has been made possible by printing money and not by
production/taxation there is inflation on the way that has the



potential to wipe out monetary value. In that case there will be no
need for the Cult to steal your money. It just won’t be worth
anything (see the German Weimar Republic before the Nazis took
over). Many have been okay with lockdowns while getting a
percentage of their income from so-called furlough payments
without having to work. Those payments are dependent, however,
on people having at least a theoretical job with a business considered
non-essential and ordered to close. As these business go under
because they are closed by lockdown after lockdown the furlough
stops and it will for everyone eventually. Then what? The ‘then
what?’ is precisely the idea.

Figure 4: The Hunger Games Society structure | have long warned was planned and now the
‘Covid’ hoax has made it possible. This is the real reason for lockdowns.

Between the Hunger Games Cult elite and the dependent population
is planned to be a vicious military-police state (a fusion of the two
into one force). This has been in the making for a long time with
police looking ever more like the military and carrying weapons to
match. The pandemic scam has seen this process accelerate so fast as



lockdown house arrest is brutally enforced by carefully recruited
fascist minds and gormless system-servers. The police and military
are planned to merge into a centrally-directed world army in a
global structure headed by a world government which wouldn’t be
elected even by the election fixes now in place. The world army is
not planned even to be human and instead wars would be fought,
primarily against the population, using robot technology controlled
by artificial intelligence. I have been warning about this for decades
and now militaries around the world are being transformed by this
very Al technology. The global regime that I describe is a particular
form of fascism known as a technocracy in which decisions are not
made by clueless and co-opted politicians but by unelected
technocrats — scientists, engineers, technologists and bureaucrats.
Cult-owned-and-controlled Silicon Valley giants are examples of
technocracy and they already have far more power to direct world
events than governments. They are with their censorship selecting
governments. I know that some are calling the ‘Great Reset’ a
Marxist communist takeover, but fascism and Marxism are different
labels for the same tyranny. Tell those who lived in fascist Germany
and Stalinist Russia that there was a difference in the way their
freedom was deleted and their lives controlled. I could call it a fascist
technocracy or a Marxist technocracy and they would be equally
accurate. The Hunger Games society with its world government
structure would oversee a world army, world central bank and single
world cashless currency imposing its will on a microchipped
population (Fig 5). Scan its different elements and see how the
illusory pandemic is forcing society in this very direction at great
speed. Leaders of 23 countries and the World Health Organization
(WHO) backed the idea in March, 2021, of a global treaty for
‘international cooperation’ in ‘health emergencies’ and nations
should ‘come together as a global community for peaceful
cooperation that extends beyond this crisis’. Cut the Orwellian
bullshit and this means another step towards global government.
The plan includes a cashless digital money system that I first warned
about in 1993. Right at the start of ‘Covid’ the deeply corrupt Tedros



Adhanom Ghebreyesus, the crooked and merely gofer “head’ of the
World Health Organization, said it was possible to catch the ‘virus’
by touching cash and it was better to use cashless means. The claim
was ridiculous nonsense and like the whole ‘Covid” mind-trick it
was nothing to do with “health” and everything to do with pushing
every aspect of the Cult agenda. As a result of the Tedros lie the use
of cash has plummeted. The Cult script involves a single world
digital currency that would eventually be technologically embedded
in the body. China is a massive global centre for the Cult and if you
watch what is happening there you will know what is planned for
everywhere. The Chinese government is developing a digital
currency which would allow fines to be deducted immediately via
Al for anyone caught on camera breaking its fantastic list of laws
and the money is going to be programmable with an expiry date to
ensure that no one can accrue wealth except the Cult and its
operatives.

WORLD GOVERNMENT
UNELECTED - RUN BY TECHNOCRATS

WORLD ARMY = CENTRAL BANK « CURRENCY »
HUMANS CONNECTED TO AL

SUPERSTATES LIKE THE EU AND CENTRALLY
CONTROLLED ‘TRADING BLOCS
““\ COUNTRIES REPLAGED BY POWERLESS REGIONS
' GLOBAL MONOCULTURE .

THE PEOPLE

Figure 5: The structure of global control the Cult has been working towards for so long and
this has been enormously advanced by the ‘Covid’ illusion.

Serfdom is so smart

The Cult plan is far wider, extreme, and more comprehensive than
even most conspiracy researchers appreciate and I will come to the
true depths of deceit and control in the chapters “Who controls the



Cult?” and “Escaping Wetiko’. Even the world that we know is crazy
enough. We are being deluged with ever more sophisticated and
controlling technology under the heading of ‘smart’. We have smart
televisions, smart meters, smart cards, smart cars, smart driving,
smart roads, smart pills, smart patches, smart watches, smart skin,
smart borders, smart pavements, smart streets, smart cities, smart
communities, smart environments, smart growth, smart planet ...
smart everything around us. Smart technologies and methods of
operation are designed to interlock to create a global Smart Grid
connecting the entirety of human society including human minds to
create a centrally-dictated ‘hive’ mind. ‘Smart cities” is code for
densely-occupied megacities of total surveillance and control
through Al Ever more destructive frequency communication
systems like 5G have been rolled out without any official testing for
health and psychological effects (colossal). 5G/6G/7G systems are
needed to run the Smart Grid and each one becomes more
destructive of body and mind. Deleting independent income is
crucial to forcing people into these Al-policed prisons by ending
private property ownership (except for the Cult elite). The Cult’s
Great Reset now openly foresees a global society in which no one
will own any possessions and everything will be rented while the
Cult would own literally everything under the guise of government
and corporations. The aim has been to use the lockdowns to destroy
sources of income on a mass scale and when the people are destitute
and in unrepayable amounts of debt (problem) Cult assets come
forward with the pledge to write-off debt in return for handing over
all property and possessions (solution). Everything — literally
everything including people — would be connected to the Internet
via Al. I was warning years ago about the coming Internet of Things
(IoT) in which all devices and technology from your car to your
fridge would be plugged into the Internet and controlled by Al
Now we are already there with much more to come. The next stage
is the Internet of Everything (IoE) which is planned to include the
connection of Al to the human brain and body to replace the human
mind with a centrally-controlled AI mind. Instead of perceptions



being manipulated through control of information and censorship
those perceptions would come direct from the Cult through Al
What do you think? You think whatever AI decides that you think.
In human terms there would be no individual ‘think” any longer. Too
incredible? The ravings of a lunatic? Not at all. Cult-owned crazies
in Silicon Valley have been telling us the plan for years without
explaining the real motivation and calculated implications. These
include Google executive and “futurist’ Ray Kurzweil who highlights
the year 2030 for when this would be underway. He said:

Our thinking ... will be a hybrid of biological and non-biological thinking ... humans will be
able to extend their limitations and ‘think in the cloud’ ... We're going to put gateways to the
cloud in our brains ... We're going to gradually merge and enhance ourselves ... In my view,
that’s the nature of being human — we transcend our limitations.

As the technology becomes vastly superior to what we are then the small proportion that is
still human gets smaller and smaller and smaller until it’s just utterly negligible.

The sales-pitch of Kurzweil and Cult-owned Silicon Valley is that
this would make us ‘super-human’ when the real aim is to make us
post-human and no longer ‘human’ in the sense that we have come
to know. The entire global population would be connected to Al and
become the centrally-controlled ‘hive-mind’ of externally-delivered
perceptions. The Smart Grid being installed to impose the Cult’s will
on the world is being constructed to allow particular locations — even
one location — to control the whole global system. From these prime
control centres, which absolutely include China and Israel, anything
connected to the Internet would be switched on or off and
manipulated at will. Energy systems could be cut, communication
via the Internet taken down, computer-controlled driverless
autonomous vehicles driven off the road, medical devices switched
off, the potential is limitless given how much Al and Internet
connections now run human society. We have seen nothing yet if we
allow this to continue. Autonomous vehicle makers are working
with law enforcement to produce cars designed to automatically pull
over if they detect a police or emergency vehicle flashing from up to
100 feet away. At a police stop the car would be unlocked and the



window rolled down automatically. Vehicles would only take you
where the computer (the state) allowed. The end of petrol vehicles
and speed limiters on all new cars in the UK and EU from 2022 are
steps leading to electric computerised transport over which
ultimately you have no control. The picture is far bigger even than
the Cult global network or web and that will become clear when I
get to the nature of the “spider’. There is a connection between all
these happenings and the instigation of DN A-manipulating
‘vaccines’ (which aren’t “vaccines’) justified by the ‘Covid” hoax. That
connection is the unfolding plan to transform the human body from
a biological to a synthetic biological state and this is why synthetic
biology is such a fast-emerging discipline of mainstream science.
‘Covid vaccines’ are infusing self-replicating synthetic genetic
material into the cells to cumulatively take us on the Totalitarian
Tiptoe from Human 1.0 to the synthetic biological Human 2.0 which
will be physically and perceptually attached to the Smart Grid to one
hundred percent control every thought, perception and deed.
Humanity needs to wake up and fast.

This is the barest explanation of where the ‘outcome’ is planned to
go but it’s enough to see the journey happening all around us. Those
new to this information will already see ‘Covid” in a whole new
context. I will add much more detail as we go along, but for the
minutiae evidence see my mega-works, The Answer, The Trigger and
Everything You Need to Know But Have Never Been Told.

Now —how does a Renegade Mind see the ‘world’?



CHAPTER TWO
Renegade Perception

It is one thing to be clever and another to be wise
George R.R. Martin

simple definition of the difference between a programmed

mind and a Renegade Mind would be that one sees only dots
while the other connects them to see the picture. Reading reality
with accuracy requires the observer to (a) know the planned

outcome and (b) realise that everything, but everything, is connected.

The entirety of infinite reality is connected — that’s its very nature —
and with human society an expression of infinite reality the same
must apply. Simple cause and effect is a connection. The effect is
triggered by the cause and the effect then becomes the cause of
another effect. Nothing happens in isolation because it can’t. Life in
whatever reality is simple choice and consequence. We make choices
and these lead to consequences. If we don't like the consequences we
can make different choices and get different consequences which
lead to other choices and consequences. The choice and the
consequence are not only connected they are indivisible. You can’t
have one without the other as an old song goes. A few cannot
control the world unless those being controlled allow that to happen
— cause and effect, choice and consequence. Control — who has it and
who doesn’t —is a two-way process, a symbiotic relationship,
involving the controller and controlled. “They took my freedom
away!!” Well, yes, but you also gave it to them. Humanity is



subjected to mass control because humanity has acquiesced to that
control. This is all cause and effect and literally a case of give and
take. In the same way world events of every kind are connected and
the Cult works incessantly to sell the illusion of the random and
coincidental to maintain the essential (to them) perception of dots
that hide the picture. Renegade Minds know this and constantly
scan the world for patterns of connection. This is absolutely pivotal
in understanding the happenings in the world and without that
perspective clarity is impossible. First you know the planned
outcome and then you identify the steps on the journey — the day-by-
day apparently random which, when connected in relation to the
outcome, no longer appear as individual events, but as the
proverbial chain of events leading in the same direction. I'll give you
some examples:

Political puppet show

We are told to believe that politics is ‘adversarial” in that different
parties with different beliefs engage in an endless tussle for power.
There may have been some truth in that up to a point — and only a
point — but today divisions between ‘different” parties are rhetorical
not ideological. Even the rhetorical is fusing into one-speak as the
parties eject any remaining free thinkers while others succumb to the
ever-gathering intimidation of anyone with the “‘wrong’ opinion. The
Cult is not a new phenomenon and can be traced back thousands of
years as my books have documented. Its intergenerational initiates
have been manipulating events with increasing effect the more that
global power has been centralised. In ancient times the Cult secured
control through the system of monarchy in which ‘special’
bloodlines (of which more later) demanded the right to rule as kings
and queens simply by birthright and by vanquishing others who
claimed the same birthright. There came a time, however, when
people had matured enough to see the unfairness of such tyranny
and demanded a say in who governed them. Note the word —
governed them. Not served them — governed them, hence government
defined as “the political direction and control exercised over the



actions of the members, citizens, or inhabitants of communities,
societies, and states; direction of the affairs of a state, community,
etc.” Governments exercise control over rather than serve just like the
monarchies before them. Bizarrely there are still countries like the
United Kingdom which are ruled by a monarch and a government
that officially answers to the monarch. The UK head of state and that
of Commonwealth countries such as Canada, Australia and New
Zealand is ‘selected” by who in a single family had unprotected sex
with whom and in what order. Pinch me it can’t be true. Ouch! Shit,
it is. The demise of monarchies in most countries offered a potential
vacuum in which some form of free and fair society could arise and
the Cult had that base covered. Monarchies had served its interests
but they couldn’t continue in the face of such widespread opposition
and, anyway, replacing a ‘royal’ dictatorship that people could see
with a dictatorship “of the people” hiding behind the concept of
‘democracy’ presented far greater manipulative possibilities and
ways of hiding coordinated tyranny behind the illusion of ‘freedom’.

Democracy is quite wrongly defined as government selected by
the population. This is not the case at all. It is government selected
by some of the population (and then only in theory). This ‘some’
doesn’t even have to be the majority as we have seen so often in first-
past-the-post elections in which the so-called majority party wins
fewer votes than the ‘losing’ parties combined. Democracy can give
total power to a party in government from a minority of the votes
cast. It’s a sleight of hand to sell tyranny as freedom. Seventy-four
million Trump-supporting Americans didn't vote for the
‘Democratic’ Party of Joe Biden in the distinctly dodgy election in
2020 and yet far from acknowledging the wishes and feelings of that
great percentage of American society the Cult-owned Biden
government set out from day one to destroy them and their right to a
voice and opinion. Empty shell Biden and his Cult handlers said
they were doing this to “protect democracy’. Such is the level of
lunacy and sickness to which politics has descended. Connect the
dots and relate them to the desired outcome — a world government
run by self-appointed technocrats and no longer even elected



politicians. While operating through its political agents in
government the Cult is at the same time encouraging public distain
for politicians by putting idiots and incompetents in theoretical
power on the road to deleting them. The idea is to instil a public
reaction that says of the technocrats: “Well, they couldn’t do any
worse than the pathetic politicians.” It’s all about controlling
perception and Renegade Minds can see through that while
programmed minds cannot when they are ignorant of both the
planned outcome and the manipulation techniques employed to
secure that end. This knowledge can be learned, however, and fast if
people choose to get informed.

Politics may at first sight appear very difficult to control from a
central point. I mean look at the “‘different” parties and how would
you be able to oversee them all and their constituent parts? In truth,
it’s very straightforward because of their structure. We are back to
the pyramid of imposition and acquiescence. Organisations are
structured in the same way as the system as a whole. Political parties
are not open forums of free expression. They are hierarchies. I was a
national spokesman for the British Green Party which claimed to be
a different kind of politics in which influence and power was
devolved; but I can tell you from direct experience — and it’s far
worse now — that Green parties are run as hierarchies like all the
others however much they may try to hide that fact or kid
themselves that it’s not true. A very few at the top of all political
parties are directing policy and personnel. They decide if you are
elevated in the party or serve as a government minister and to do
that you have to be a yes man or woman. Look at all the maverick
political thinkers who never ascended the greasy pole. If you want to
progress within the party or reach ‘high-office” you need to fall into
line and conform. Exceptions to this are rare indeed. Should you
want to run for parliament or Congress you have to persuade the
local or state level of the party to select you and for that you need to
play the game as dictated by the hierarchy. If you secure election and
wish to progress within the greater structure you need to go on
conforming to what is acceptable to those running the hierarchy



from the peak of the pyramid. Political parties are perceptual gulags
and the very fact that there are party “Whips’ appointed to ‘whip’
politicians into voting the way the hierarchy demands exposes the
ridiculous idea that politicians are elected to serve the people they
are supposed to represent. Cult operatives and manipulation has
long seized control of major parties that have any chance of forming
a government and at least most of those that haven’t. A new party
forms and the Cult goes to work to infiltrate and direct. This has
reached such a level today that you see video compilations of
‘leaders’ of all parties whether Democrats, Republicans,
Conservative, Labour and Green parroting the same Cult mantra of
‘Build Back Better” and the ‘Great Reset” which are straight off the
Cult song-sheet to describe the transformation of global society in
response to the Cult-instigated hoaxes of the “Covid pandemic” and
human-caused ‘climate change’. To see Caroline Lucas, the Green
Party MP that I knew when I was in the party in the 1980s, speaking
in support of plans proposed by Cult operative Klaus Schwab
representing the billionaire global elite is a real head-shaker.

Many parties — one master

The party system is another mind-trick and was instigated to change
the nature of the dictatorship by swapping ‘royalty” for dark suits
that people believed — though now ever less so — represented their
interests. Understanding this trick is to realise that a single force (the
Cult) controls all parties either directly in terms of the major ones or
through manipulation of perception and ideology with others. You
don’t need to manipulate Green parties to demand your
transformation of society in the name of ‘climate change” when they
are obsessed with the lie that this is essential to ‘save the planet’. You
just give them a platform and away they go serving your interests
while believing they are being environmentally virtuous. America’s
political structure is a perfect blueprint for how the two or multi-
party system is really a one-party state. The Republican Party is
controlled from one step back in the shadows by a group made up of
billionaires and their gofers known as neoconservatives or Neocons.



I have exposed them in fine detail in my books and they were the
driving force behind the policies of the imbecilic presidency of Boy
George Bush which included 9/11 (see The Trigger for a
comprehensive demolition of the official story), the subsequent ‘war
on terror’ (war of terror) and the invasions of Afghanistan and Iraq.
The latter was a No-Problem-Reaction-Solution based on claims by
Cult operatives, including Bush and British Prime Minister Tony
Blair, about Saddam Hussein’s ‘weapons of mass destruction” which
did not exist as war criminals Bush and Blair well knew.
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Figure 6: Different front people, different parties — same control system.

The Democratic Party has its own ‘Neocon” group controlling
from the background which I call the ‘Democons’ and here’s the
penny-drop — the Neocons and Democons answer to the same
masters one step further back into the shadows (Fig 6). At that level
of the Cult the Republican and Democrat parties are controlled by
the same people and no matter which is in power the Cult is in
power. This is how it works in almost every country and certainly in
Britain with Conservative, Labour, Liberal Democrat and Green
parties now all on the same page whatever the rhetoric may be in
their feeble attempts to appear different. Neocons operated at the
time of Bush through a think tank called The Project for the New
American Century which in September, 2000, published a document

entitled Rebuilding America’s Defenses: Strategies, Forces, and Resources



For a New Century demanding that America fight ‘multiple,
simultaneous major theatre wars’ as a “‘core mission’ to force regime-
change in countries including Iraq, Libya and Syria. Neocons
arranged for Bush (‘Republican’) and Blair (‘"Labour Party’) to front-
up the invasion of Iraq and when they departed the Democons
orchestrated the targeting of Libya and Syria through Barack Obama
(‘Democrat’) and British Prime Minister David Cameron
(‘Conservative Party’). We have ‘different” parties and “different’
people, but the same unfolding script. The more the Cult has seized
the reigns of parties and personnel the more their policies have
transparently pursued the same agenda to the point where the
fascist ‘Covid” impositions of the Conservative junta of Jackboot
Johnson in Britain were opposed by the Labour Party because they
were not fascist enough. The Labour Party is likened to the US
Democrats while the Conservative Party is akin to a British version
of the Republicans and on both sides of the Atlantic they all speak
the same language and support the direction demanded by the Cult
although some more enthusiastically than others. It’s a similar story
in country after country because it’s all centrally controlled. Oh, but
what about Trump? I'll come to him shortly. Political ‘choice” in the
‘party’ system goes like this: You vote for Party A and they get into
government. You don't like what they do so next time you vote for
Party B and they get into government. You don’t like what they do
when it’s pretty much the same as Party A and why wouldn't that be
with both controlled by the same force? Given that only two,
sometimes three, parties have any chance of forming a government
to get rid of Party B that you don't like you have to vote again for
Party A which ... you don't like. This, ladies and gentlemen, is what
they call ‘democracy” which we are told — wrongly —is a term
interchangeable with ‘“freedom’.

The cult of cults

At this point I need to introduce a major expression of the Global
Cult known as Sabbatian-Frankism. Sabbatian is also spelt as
Sabbatean. I will summarise here. I have published major exposés



and detailed background in other works. Sabbatian-Frankism
combines the names of two frauds posing as ‘Jewish” men, Sabbatai
Zevi (1626-1676), a rabbi, black magician and occultist who
proclaimed he was the Jewish messiah; and Jacob Frank (1726-1791),
the Polish ‘Jew’, black magician and occultist who said he was the
reincarnation of ‘messiah’” Zevi and biblical patriarch Jacob. They
worked across two centuries to establish the Sabbatian-Frankist cult
that plays a major, indeed central, role in the manipulation of human
society by the Global Cult which has its origins much further back in
history than Sabbatai Zevi. I should emphasise two points here in
response to the shrill voices that will scream “anti-Semitism’: (1)
Sabbatian-Frankists are NOT Jewish and only pose as such to hide
their cult behind a Jewish facade; and (2) my information about this
cult has come from Jewish sources who have long realised that their
society and community has been infiltrated and taken over by
interloper Sabbatian-Frankists. Infiltration has been the foundation
technique of Sabbatian-Frankism from its official origin in the 17th
century. Zevi’s Sabbatian sect attracted a massive following
described as the biggest messianic movement in Jewish history,
spreading as far as Africa and Asia, and he promised a return for the
Jews to the ‘Promised Land’ of Israel. Sabbatianism was not Judaism
but an inversion of everything that mainstream Judaism stood for. So
much so that this sinister cult would have a feast day when Judaism
had a fast day and whatever was forbidden in Judaism the
Sabbatians were encouraged and even commanded to do. This
included incest and what would be today called Satanism. Members
were forbidden to marry outside the sect and there was a system of
keeping their children ignorant of what they were part of until they
were old enough to be trusted not to unknowingly reveal anything
to outsiders. The same system is employed to this day by the Global
Cult in general which Sabbatian-Frankism has enormously
influenced and now largely controls.

Zevi and his Sabbatians suffered a setback with the intervention
by the Sultan of the Islamic Ottoman Empire in the Middle East and
what is now the Republic of Turkey where Zevi was located. The



Sultan gave him the choice of proving his ‘divinity’, converting to
Islam or facing torture and death. Funnily enough Zevi chose to
convert or at least appear to. Some of his supporters were
disillusioned and drifted away, but many did not with 300 families
also converting — only in theory — to Islam. They continued behind
this Islamic smokescreen to follow the goals, rules and rituals of
Sabbatianism and became known as “crypto-Jews’ or the ‘Donmeh’
which means “to turn’. This is rather ironic because they didn’t “turn’
and instead hid behind a fake Islamic persona. The process of
appearing to be one thing while being very much another would
become the calling card of Sabbatianism especially after Zevi’s death
and the arrival of the Satanist Jacob Frank in the 18th century when
the cult became Sabbatian-Frankism and plumbed still new depths
of depravity and infiltration which included - still includes — human
sacrifice and sex with children. Wherever Sabbatians go paedophilia
and Satanism follow and is it really a surprise that Hollywood is so
infested with child abuse and Satanism when it was established by
Sabbatian-Frankists and is still controlled by them? Hollywood has
been one of the prime vehicles for global perceptual programming
and manipulation. How many believe the version of ‘history’
portrayed in movies when it is a travesty and inversion (again) of the
truth? Rabbi Marvin Antelman describes Frankism in his book, To
Eliminate the Opiate, as “a movement of complete evil” while Jewish
professor Gershom Scholem said of Frank in The Messianic Idea in
Judaism: ‘In all his actions [he was] a truly corrupt and degenerate
individual ... one of the most frightening phenomena in the whole of
Jewish history.” Frank was excommunicated by traditional rabbis, as
was Zevi, but Frank was undeterred and enjoyed vital support from
the House of Rothschild, the infamous banking dynasty whose
inner-core are Sabbatian-Frankists and not Jews. Infiltration of the
Roman Church and Vatican was instigated by Frank with many
Donmeh “turning’ again to convert to Roman Catholicism with a
view to hijacking the reins of power. This was the ever-repeating
modus operandi and continues to be so. Pose as an advocate of the
religion, culture or country that you want to control and then



manipulate your people into the positions of authority and influence
largely as advisers, administrators and Svengalis for those that
appear to be in power. They did this with Judaism, Christianity
(Christian Zionism is part of this), Islam and other religions and
nations until Sabbatian-Frankism spanned the world as it does
today.

Sahhatian Saudis and the terror network

One expression of the Sabbatian-Frankist Donmeh within Islam is
the ruling family of Saudi Arabia, the House of Saud, through which
came the vile distortion of Islam known as Wahhabism. This is the
violent creed followed by terrorist groups like Al-Qaeda and ISIS or
Islamic State. Wahhabism is the hand-chopping, head-chopping
‘religion” of Saudi Arabia which is used to keep the people in a
constant state of fear so the interloper House of Saud can continue to
rule. Al-Qaeda and Islamic State were lavishly funded by the House
of Saud while being created and directed by the Sabbatian-Frankist
network in the United States that operates through the Pentagon,
CIA and the government in general of whichever ‘party’. The front
man for the establishment of Wahhabism in the middle of the 18th
century was a Sabbatian-Frankist ‘crypto-Jew” posing as Islamic
called Muhammad ibn Abd al-Wahhab. His daughter would marry
the son of Muhammad bin Saud who established the first Saudi state
before his death in 1765 with support from the British Empire. Bin
Saud’s successors would establish modern Saudi Arabia in league
with the British and Americans in 1932 which allowed them to seize
control of Islam’s major shrines in Mecca and Medina. They have
dictated the direction of Sunni Islam ever since while Iran is the
major centre of the Shiite version and here we have the source of at
least the public conflict between them. The Sabbatian network has
used its Wahhabi extremists to carry out Problem-Reaction-Solution
terrorist attacks in the name of ‘Al-Qaeda’” and ‘Islamic State’ to
justify a devastating ‘war on terror’, ever-increasing surveillance of
the population and to terrify people into compliance. Another
insight of the Renegade Mind is the streetwise understanding that



just because a country, location or people are attacked doesn’t mean
that those apparently representing that country, location or people
are not behind the attackers. Often they are orchestrating the attacks
because of the societal changes that can be then justified in the name
of ‘saving the population from terrorists’.

I show in great detail in The Trigger how Sabbatian-Frankists were
the real perpetrators of 9/11 and not ‘19 Arab hijackers” who were
blamed for what happened. Observe what was justified in the name
of 9/11 alone in terms of Middle East invasions, mass surveillance
and control that fulfilled the demands of the Project for the New
American Century document published by the Sabbatian Neocons.
What appear to be enemies are on the deep inside players on the
same Sabbatian team. Israel and Arab ‘royal” dictatorships are all
ruled by Sabbatians and the recent peace agreements between Israel
and Saudi Arabia, the United Arab Emirates (UAE) and others are
only making formal what has always been the case behind the
scenes. Palestinians who have been subjected to grotesque tyranny
since Israel was bombed and terrorised into existence in 1948 have
never stood a chance. Sabbatian-Frankists have controlled Israel (so
the constant theme of violence and war which Sabbatians love) and
they have controlled the Arab countries that Palestinians have
looked to for real support that never comes. ‘Royal families” of the
Arab world in Saudi Arabia, Bahrain, UAE, etc., are all Sabbatians
with allegiance to the aims of the cult and not what is best for their
Arabic populations. They have stolen the oil and financial resources
from their people by false claims to be ‘royal dynasties” with a
genetic right to rule and by employing vicious militaries to impose
their will.

Satanic Tllumination’

The Satanist Jacob Frank formed an alliance in 1773 with two other
Sabbatians, Mayer Amschel Rothschild (1744-1812), founder of the
Rothschild banking dynasty, and Jesuit-educated fraudulent Jew,
Adam Weishaupt, and this led to the formation of the Bavarian
[luminati, firstly under another name, in 1776. The Illuminati would



be the manipulating force behind the French Revolution (1789-1799)
and was also involved in the American Revolution (1775-1783)
before and after the Illuminati’s official creation. Weishaupt would
later become (in public) a Protestant Christian in archetypal
Sabbatian style. I read that his name can be decoded as Adam-Weis-
haupt or “the first man to lead those who know’. He wasn’t a leader
in the sense that he was a subordinate, but he did lead those below
him in a crusade of transforming human society that still continues
today. The theme was confirmed as early as 1785 when a horseman
courier called Lanz was reported to be struck by lighting and
extensive Illuminati documents were found in his saddlebags. They
made the link to Weishaupt and detailed the plan for world takeover.
Current events with ‘Covid’ fascism have been in the making for a
very long time. Jacob Frank was jailed for 13 years by the Catholic
Inquisition after his arrest in 1760 and on his release he headed for
Frankfurt, Germany, home city and headquarters of the House of
Rothschild where the alliance was struck with Mayer Amschel
Rothschild and Weishaupt. Rothschild arranged for Frank to be
given the title of Baron and he became a wealthy nobleman with a
big following of Jews in Germany, the Austro-Hungarian Empire
and other European countries. Most of them would have believed he
was on their side.

The name ‘Illuminati” came from the Zohar which is a body of
works in the Jewish mystical ‘bible” called the Kabbalah. ‘Zohar’ is
the foundation of Sabbatian-Frankist belief and in Hebrew ‘Zohar’
means ‘splendour’, ‘radiance’, ‘illuminated’, and so we have
‘Illuminati’. They claim to be the ‘Illuminated Ones’ from their
knowledge systematically hidden from the human population and
passed on through generations of carefully-chosen initiates in the
global secret society network or Cult. Hidden knowledge includes
an awareness of the Cult agenda for the world and the nature of our
collective reality that I will explore later. Cult ‘illumination’ is
symbolised by the torch held by the Statue of Liberty which was
gifted to New York by French Freemasons in Paris who knew exactly
what it represents. ‘Liberty” symbolises the goddess worshipped in



Babylon as Queen Semiramis or Ishtar. The significance of this will
become clear. Notice again the ubiquitous theme of inversion with
the Statue of ‘Liberty’ really symbolising mass control (Fig 7). A
mirror-image statute stands on an island in the River Seine in Paris
from where New York Liberty originated (Fig 8). A large replica of
the Liberty flame stands on top of the Pont de I’Alma tunnel in Paris
where Princess Diana died in a Cult ritual described in The Biggest
Secret. Lucifer ‘the light bringer” is related to all this (and much more
as we'll see) and ‘Lucifer’ is a central figure in Sabbatian-Frankism
and its associated Satanism. Sabbatians reject the Jewish Torah, or
Pentateuch, the ‘five books of Moses” in the Old Testament known as
Genesis, Exodus, Leviticus, Numbers, and Deuteronomy which are
claimed by Judaism and Christianity to have been dictated by ‘God’
to Moses on Mount Sinai. Sabbatians say these do not apply to them
and they seek to replace them with the Zohar to absorb Judaism and
its followers into their inversion which is an expression of a much
greater global inversion. They want to delete all religions and force
humanity to worship a one-world religion — Sabbatian Satanism that
also includes worship of the Earth goddess. Satanic themes are being
more and more introduced into mainstream society and while
Christianity is currently the foremost target for destruction the
others are planned to follow.

Figure 7: The Cult goddess of Babylon disguised as the Statue of Liberty holding the flame of
Lucifer the ‘light bringer’.
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Figure 8: Liberty’s mirror image in Paris where the New York version originated.

Rabbi Marvin Antelman connects the Illuminati to the Jacobins in To
Eliminate the Opiate and Jacobins were the force behind the French
Revolution. He links both to the Bund der Gerechten, or League of
the Just, which was the network that inflicted communism/Marxism
on the world. Antelman wrote:

The original inner circle of the Bund der Gerechten consisted of born Catholics, Protestants
and Jews [Sabbatian-Frankist infiltrators], and those representatives of respective subdivisions
formulated schemes for the ultimate destruction of their faiths. The heretical Catholics laid
plans which they felt would take a century or more for the ultimate destruction of the church;
the apostate Jews for the ultimate destruction of the Jewish religion.

Sabbatian-created communism connects into this anti-religion
agenda in that communism does not allow for the free practice of
religion. The Sabbatian ‘Bund” became the International Communist
Party and Communist League and in 1848 ‘Marxism” was born with
the Communist Manifesto of Sabbatian assets Karl Marx and
Friedrich Engels. It is absolutely no coincidence that Marxism, just a
different name for fascist and other centrally-controlled tyrannies, is
being imposed worldwide as a result of the ‘Covid’ hoax and nor
that Marxist/fascist China was the place where the hoax originated.
The reason for this will become very clear in the chapter ‘Covid: The
calculated catastrophe’. The so-called “Woke” mentality has hijacked



traditional beliefs of the political left and replaced them with far-
right make-believe “social justice” better known as Marxism. Woke
will, however, be swallowed by its own perceived ‘revolution” which
is really the work of billionaires and billionaire corporations feigning
being “Woke’. Marxism is being touted by Wokers as a replacement
for ‘capitalism” when we don’t have ‘capitalism’. We have cartelism
in which the market is stitched up by the very Cult billionaires and
corporations bankrolling Woke. Billionaires love Marxism which
keeps the people in servitude while they control from the top.
Terminally naive Wokers think they are ‘changing the world” when
it's the Cult that is doing the changing and when they have played
their vital part and become surplus to requirements they, too, will be
targeted. The Illuminati-Jacobins were behind the period known as
“The Terror” in the French Revolution in 1793 and 1794 when Jacobin
Maximillian de Robespierre and his Orwellian ‘Committee of Public
Safety’ killed 17,000 ‘enemies of the Revolution” who had once been
‘friends of the Revolution’. Karl Marx (1818-1883), whose Sabbatian
creed of Marxism has cost the lives of at least 100 million people, is a
hero once again to Wokers who have been systematically kept
ignorant of real history by their ‘education” programming. As a
result they now promote a Sabbatian ‘Marxist’ abomination destined
at some point to consume them. Rabbi Antelman, who spent decades
researching the Sabbatian plot, said of the League of the Just and
Karl Marx:

Contrary to popular opinion Karl Marx did not originate the Communist Manifesto. He was
paid for his services by the League of the Just, which was known in its country of origin,
Germany, as the Bund der Geaechteten.

Antelman said the text attributed to Marx was the work of other
people and Marx ‘was only repeating what others already said’.
Marx was ‘a hired hack — lackey of the wealthy Illuminists’. Marx
famously said that religion was the ‘opium of the people’ (part of the
Sabbatian plan to demonise religion) and Antelman called his books,
To Eliminate the Opiate. Marx was born Jewish, but his family
converted to Christianity (Sabbatian modus operandi) and he



attacked Jews, not least in his book, A World Without Jews. In doing
so he supported the Sabbatian plan to destroy traditional Jewishness
and Judaism which we are clearly seeing today with the vindictive
targeting of orthodox Jews by the Sabbatian government of Israel
over ‘Covid’ laws. I don’t follow any religion and it has done much
damage to the world over centuries and acted as a perceptual
straightjacket. Renegade Minds, however, are always asking why
something is being done. It doesn’t matter if they agree or disagree
with what is happening — why is it happening is the question. The
‘why?’ can be answered with regard to religion in that religions
create interacting communities of believers when the Cult wants to
dismantle all discourse, unity and interaction (see ‘Covid’
lockdowns) and the ultimate goal is to delete all religions for a one-
world religion of Cult Satanism worshipping their ‘god” of which
more later. We see the same ‘why?” with gun control in America. I
don’t have guns and don’t want them, but why is the Cult seeking to
disarm the population at the same time that law enforcement
agencies are armed to their molars and why has every tyrant in
history sought to disarm people before launching the final takeover?
They include Hitler, Stalin, Pol Pot and Mao who followed
confiscation with violent seizing of power. You know it’s a Cult
agenda by the people who immediately race to the microphones to
exploit dead people in multiple shootings. Ultra-Zionist Cult lackey
Senator Chuck Schumer was straight on the case after ten people
were killed in Boulder, Colorado in March, 2121. Simple rule ... if
Schumer wants it the Cult wants it and the same with his ultra-
Zionist mate the wild-eyed Senator Adam Schiff. At the same time
they were calling for the disarmament of Americans, many of whom
live a long way from a police response, Schumer, Schiff and the rest
of these pampered clowns were sitting on Capitol Hill behind a
razor-wired security fence protected by thousands of armed troops
in addition to their own armed bodyguards. Mom and pop in an
isolated home? They’re just potential mass shooters.



Sabbatian-Frankists and most importantly the Rothschilds were
behind the creation of ‘Zionism’, a political movement that
demanded a Jewish homeland in Israel as promised by Sabbatai
Zevi. The very symbol of Israel comes from the German meaning of
the name Rothschild. Dynasty founder Mayer Amschel Rothschild
changed the family name from Bauer to Rothschild, or ‘Red-Shield”
in German, in deference to the six-pointed ‘Star of David” hexagram
displayed on the family’s home in Frankfurt. The symbol later
appeared on the flag of Israel after the Rothschilds were centrally
involved in its creation. Hexagrams are not a uniquely Jewish
symbol and are widely used in occult (‘"hidden’) networks often as a
symbol for Saturn (see my other books for why). Neither are
Zionism and Jewishness interchangeable. Zionism is a political
movement and philosophy and not a ‘race’ or a people. Many Jews
oppose Zionism and many non-Jews, including US President Joe
Biden, call themselves Zionists as does Israel-centric Donald Trump.
America’s support for the Israel government is pretty much a gimme
with ultra-Zionist billionaires and corporations providing fantastic
and dominant funding for both political parties. Former
Congresswoman Cynthia McKinney has told how she was
approached immediately she ran for office to ‘sign the pledge’ to
Israel and confirm that she would always vote in that country’s best
interests. All American politicians are approached in this way.
Anyone who refuses will get no support or funding from the
enormous and all-powerful Zionist lobby that includes organisations
like mega-lobby group AIPAC, the American Israel Public Affairs
Committee. Trump’s biggest funder was ultra-Zionist casino and
media billionaire Sheldon Adelson while major funders of the
Democratic Party include ultra-Zionist George Soros and ultra-
Zionist financial and media mogul, Haim Saban. Some may reel back
at the suggestion that Soros is an Israel-firster (Sabbatian-controlled
Israel-firster), but Renegade Minds watch the actions not the words
and everywhere Soros donates his billions the Sabbatian agenda
benefits. In the spirit of Sabbatian inversion Soros pledged $1 billion
for a new university network to promote ‘liberal values and tackle
intolerance’. He made the announcement during his annual speech



at the Cult-owned World Economic Forum in Davos, Switzerland, in
January, 2020, after his ‘harsh criticism” of ‘authoritarian rulers’
around the world. You can only laugh at such brazen mendacity.
How he doesn’t laugh is the mystery. Translated from the Orwellian
‘liberal values and tackle intolerance” means teaching non-white
people to hate white people and for white people to loathe
themselves for being born white. The reason for that will become
clear.

The ‘Anti-Semitism’ fraud

Zionists support the Jewish homeland in the land of Palestine which
has been the Sabbatian-Rothschild goal for so long, but not for the
benefit of Jews. Sabbatians and their global Anti-Semitism Industry
have skewed public and political opinion to equate opposing the
violent extremes of Zionism to be a blanket attack and condemnation
of all Jewish people. Sabbatians and their global Anti-Semitism
Industry have skewed public and political opinion to equate
opposing the violent extremes of Zionism to be a blanket attack and
condemnation of all Jewish people. This is nothing more than a
Sabbatian protection racket to stop legitimate investigation and
exposure of their agendas and activities. The official definition of
‘anti-Semitism” has more recently been expanded to include criticism
of Zionism — a political movement — and this was done to further stop
exposure of Sabbatian infiltrators who created Zionism as we know
it today in the 19th century. Renegade Minds will talk about these
subjects when they know the shit that will come their way. People
must decide if they want to know the truth or just cower in the
corner in fear of what others will say. Sabbatians have been trying to
label me as “anti-Semitic” since the 1990s as I have uncovered more
and more about their background and agendas. Useless, gutless,
fraudulent ‘journalists’ then just repeat the smears without question
and on the day I was writing this section a pair of unquestioning
repeaters called Ben Quinn and Archie Bland (how appropriate)
outright called me an ‘anti-Semite” in the establishment propaganda
sheet, the London Guardian, with no supporting evidence. The



Sabbatian Anti-Semitism Industry said so and who are they to
question that? They wouldn’t dare. Ironically ‘Semitic” refers to a
group of languages in the Middle East that are almost entirely
Arabic. ‘Anti-Semitism” becomes ‘anti-Arab” which if the
consequences of this misunderstanding were not so grave would be
hilarious. Don’t bother telling Quinn and Bland. I don’t want to
confuse them, bless ‘em. One reason I am dubbed “anti-Semitic’ is
that I wrote in the 1990s that Jewish operatives (Sabbatians) were
heavily involved in the Russian Revolution when Sabbatians
overthrew the Romanov dynasty. This apparently made me ‘anti-

Semitic’. Oh, really? Here is a section from The Trigger:

British journalist Robert Wilton confirmed these themes in his 1920 book The Last Days of the
Romanovs when he studied official documents from the Russian government to identify the
members of the Bolshevik ruling elite between 1917 and 1919. The Central Committee
included 41 Jews among 62 members; the Council of the People’s Commissars had 17 Jews
out of 22 members; and 458 of the 556 most important Bolshevik positions between 1918 and
1919 were occupied by Jewish people. Only 17 were Russian. Then there were the 23 Jews
among the 36 members of the vicious Cheka Soviet secret police established in 1917 who
would soon appear all across the country.

Professor Robert Service of Oxford University, an expert on 20th century Russian history,
found evidence that [‘Jewish’] Leon Trotsky had sought to make sure that Jews were enrolled
in the Red Army and were disproportionately represented in the Soviet civil bureaucracy that
included the Cheka which performed mass arrests, imprisonment and executions of ‘enemies
of the people’. A US State Department Decimal File (861.00/5339) dated November 13th,
1918, names [Rothschild banking agent in America] Jacob Schiff and a list of ultra-Zionists as
funders of the Russian Revolution leading to claims of a ‘Jewish plot’, but the key point missed
by all is they were not ‘Jews’ — they were Sabbatian-Frankists.

Britain’s Winston Churchill made the same error by mistake or
otherwise. He wrote in a 1920 edition of the Illustrated Sunday Herald
that those behind the Russian revolution were part of a “‘worldwide
conspiracy for the overthrow of civilisation and for the
reconstitution of society on the basis of arrested development, of
envious malevolence, and impossible equality” (see “Woke” today
because that has been created by the same network). Churchill said
there was no need to exaggerate the part played in the creation of
Bolshevism and in the actual bringing about of the Russian



Revolution ‘by these international and for the most part atheistical
Jews’ [“atheistical Jews’ = Sabbatians]. Churchill said it is certainly a
very great one and probably outweighs all others: “With the notable
exception of Lenin, the majority of the leading figures are Jews.” He
went on to describe, knowingly or not, the Sabbatian modus
operandi of placing puppet leaders nominally in power while they
control from the background:

Moreover, the principal inspiration and driving power comes from the Jewish leaders. Thus
Tchitcherin, a pure Russian, is eclipsed by his nominal subordinate, Litvinoff, and the
influence of Russians like Bukharin or Lunacharski cannot be compared with the power of
Trotsky, or of Zinovieff, the Dictator of the Red Citadel (Petrograd), or of Krassin or Radek — all
Jews. In the Soviet institutions the predominance of Jews is even more astonishing. And the
prominent, if not indeed the principal, part in the system of terrorism applied by the
Extraordinary Commissions for Combatting Counter-Revolution has been taken by Jews, and
in some notable cases by Jewesses.

What I said about seriously disproportionate involvement in the
Russian Revolution by Jewish ‘revolutionaries’ (Sabbatians) is
provable fact, but truth is no defence against the Sabbatian Anti-
Semitism Industry, its repeater parrots like Quinn and Bland, and
the now breathtaking network of so-called “Woke’ “anti-hate” groups
with interlocking leaderships and funding which have the role of
discrediting and silencing anyone who gets too close to exposing the
Sabbatians. We have seen ‘truth is no defence’ confirmed in legal
judgements with the Saskatchewan Human Rights Commission in
Canada decreeing this: “Truthful statements can be presented in a
manner that would meet the definition of hate speech, and not all
truthful statements must be free from restriction.” Most ‘anti-hate’
activists, who are themselves consumed by hatred, are too stupid
and ignorant of the world to know how they are being used. They
are far too far up their own virtue-signalling arses and it’s far too
dark for them to see anything.

The ‘revolution’ game

The background and methods of the ‘Russian” Revolution are
straight from the Sabbatian playbook seen in the French Revolution



and endless others around the world that appear to start as a
revolution of the people against tyrannical rule and end up with a
regime change to more tyrannical rule overtly or covertly. Wars,
terror attacks and regime overthrows follow the Sabbatian cult
through history with its agents creating them as Problem-Reaction-
Solutions to remove opposition on the road to world domination.
Sabbatian dots connect the Rothschilds with the Illuminati, Jacobins
of the French Revolution, the ‘Bund” or League of the Just, the
International Communist Party, Communist League and the
Communist Manifesto of Karl Marx and Friedrich Engels that would
lead to the Rothschild-funded Russian Revolution. The sequence
comes under the heading of “creative destruction” when you advance
to your global goal by continually destroying the status quo to install
a new status quo which you then also destroy. The two world wars
come to mind. With each new status quo you move closer to your
planned outcome. Wars and mass murder are to Sabbatians a
collective blood sacrifice ritual. They are obsessed with death for
many reasons and one is that death is an inversion of life. Satanists
and Sabbatians are obsessed with death and often target churches
and churchyards for their rituals. Inversion-obsessed Sabbatians
explain the use of inverted symbolism including the inverted
pentagram and inverted cross. The inversion of the cross has been
related to targeting Christianity, but the cross was a religious symbol
long before Christianity and its inversion is a statement about the
Sabbatian mentality and goals more than any single religion.

Sabbatians operating in Germany were behind the rise of the
occult-obsessed Nazis and the subsequent Jewish exodus from
Germany and Europe to Palestine and the United States after World
War Two. The Rothschild dynasty was at the forefront of this both as
political manipulators and by funding the operation. Why would
Sabbatians help to orchestrate the horrors inflicted on Jews by the
Nazis and by Stalin after they organised the Russian Revolution?
Sabbatians hate Jews and their religion, that’s why. They pose as
Jews and secure positions of control within Jewish society and play
the ‘anti-Semitism’ card to protect themselves from exposure



through a global network of organisations answering to the
Sabbatian-created-and-controlled globe-spanning intelligence
network that involves a stunning web of military-intelligence
operatives and operations for a tiny country of just nine million.
Among them are Jewish assets who are not Sabbatians but have been
convinced by them that what they are doing is for the good of Israel
and the Jewish community to protect them from what they have
been programmed since childhood to believe is a Jew-hating hostile
world. The Jewish community is just a highly convenient cover to
hide the true nature of Sabbatians. Anyone getting close to exposing
their game is accused by Sabbatian place-people and gofers of “anti-
Semitism’ and claiming that all Jews are part of a plot to take over
the world. I am not saying that. I am saying that Sabbatians — the real
Jew-haters — have infiltrated the Jewish community to use them both
as a cover and an ‘anti-Semitic’ defence against exposure. Thus we
have the Anti-Semitism Industry targeted researchers in this way
and most Jewish people think this is justified and genuine. They
don’t know that their ‘Jewish’ leaders and institutions of state,
intelligence and military are not controlled by Jews at all, but cultists
and stooges of Sabbatian-Frankism. I once added my name to a pro-
Jewish freedom petition online and the next time I looked my name
was gone and text had been added to the petition blurb to attack me
as an “anti-Semite” such is the scale of perceptual programming.

I tell the story in The Trigger and a chapter called ‘Atlantic Crossing’
how particularly after Israel was established the Sabbatians moved
in on the United States and eventually grasped control of
government administration, the political system via both Democrats
and Republicans, the intelligence community like the CIA and
National Security Agency (NSA), the Pentagon and mass media.
Through this seriously compartmentalised network Sabbatians and
their operatives in Mossad, Israeli Defense Forces (IDF) and US
agencies pulled off 9/11 and blamed it on 19 ‘Al-Qaeda hijackers’
dominated by men from, or connected to, Sabbatian-ruled Saudi



Arabia. The “19” were not even on the planes let alone flew those big
passenger jets into buildings while being largely incompetent at
piloting one-engine light aircraft. ‘Hijacker” Hani Hanjour who is
said to have flown American Airlines Flight 77 into the Pentagon
with a turn and manoeuvre most professional pilots said they would
have struggled to do was banned from renting a small plane by
instructors at the Freeway Airport in Bowie, Maryland, just six weeks
earlier on the grounds that he was an incompetent pilot. The Jewish
population of the world is just 0.2 percent with even that almost
entirely concentrated in Israel (75 percent Jewish) and the United
States (around two percent). This two percent and globally 0.2
percent refers to Jewish people and not Sabbatian interlopers who are
a fraction of that fraction. What a sobering thought when you think
of the fantastic influence on world affairs of tiny Israel and that the
Project for the New America Century (PNAC) which laid out the
blueprint in September, 2000, for America’s war on terror and regime
change wars in Iraq, Libya and Syria was founded and dominated by
Sabbatians known as ‘Neocons’. The document conceded that this
plan would not be supported politically or publicly without a major
attack on American soil and a Problem-Reaction-Solution excuse to
send troops to war across the Middle East. Sabbatian Neocons said:

... [The] process of transformation ... [war and regime change] ... is likely to be a long one,
absent some catastrophic and catalysing event — like a new Pearl Harbor.

Four months later many of those who produced that document
came to power with their inane puppet George Bush from the long-
time Sabbatian Bush family. They included Sabbatian Dick Cheney
who was officially vice-president, but really de-facto president for
the entirety of the ‘Bush’ government. Nine months after the ‘Bush’
inauguration came what Bush called at the time “the Pear] Harbor of
the 21st century” and with typical Sabbatian timing and symbolism
2001 was the 60th anniversary of the attack in 1941 by the Japanese
Air Force on Pearl Harbor, Hawaii, which allowed President
Franklin Delano Roosevelt to take the United States into a Sabbatian-



instigated Second World War that he said in his election campaign
that he never would. The evidence is overwhelming that Roosevelt
and his military and intelligence networks knew the attack was
coming and did nothing to stop it, but they did make sure that
America’s most essential naval ships were not in Hawaii at the time.
Three thousand Americans died in the Pearl Harbor attacks as they
did on September 11th. By the 9/11 year of 2001 Sabbatians had
widely infiltrated the US government, military and intelligence
operations and used their compartmentalised assets to pull off the
‘Al-Qaeda’ attacks. If you read The Trigger it will blow your mind to
see the utterly staggering concentration of ‘Jewish” operatives
(Sabbatian infiltrators) in essential positions of political, security,
legal, law enforcement, financial and business power before, during,
and after the attacks to make them happen, carry them out, and then
cover their tracks — and I do mean staggering when you think of that
0.2 percent of the world population and two percent of Americans
which are Jewish while Sabbatian infiltrators are a fraction of that. A
central foundation of the 9/11 conspiracy was the hijacking of
government, military, Air Force and intelligence computer systems
in real time through ‘back-door” access made possible by Israeli
(Sabbatian) ‘cyber security’ software. Sabbatian-controlled Israel is
on the way to rivalling Silicon Valley for domination of cyberspace
and is becoming the dominant force in cyber-security which gives
them access to entire computer systems and their passcodes across
the world. Then add to this that Zionists head (officially) Silicon
Valley giants like Google (Larry Page and Sergey Brin), Google-
owned YouTube (Susan Wojcicki), Facebook (Mark Zuckerberg and
Sheryl Sandberg), and Apple (Chairman Arthur D. Levinson), and
that ultra-Zionist hedge fund billionaire Paul Singer has a $1 billion
stake in Twitter which is only nominally headed by ‘CEO’ pothead
Jack Dorsey. As cable news host Tucker Carlson said of Dorsey:
‘There used to be debate in the medical community whether
dropping a ton of acid had permanent effects and I think that debate
has now ended.” Carlson made the comment after Dorsey told a
hearing on Capitol Hill (if you cut through his bullshit) that he



believed in free speech so long as he got to decide what you can hear
and see. These ‘big names’ of Silicon Valley are only front men and
women for the Global Cult, not least the Sabbatians, who are the true
controllers of these corporations. Does anyone still wonder why
these same people and companies have been ferociously censoring
and banning people (like me) for exposing any aspect of the Cult
agenda and especially the truth about the ‘Covid” hoax which
Sabbatians have orchestrated?

The Jeffrey Epstein paedophile ring was a Sabbatian operation. He
was officially ‘Jewish’ but he was a Sabbatian and women abused by
the ring have told me about the high number of ‘Jewish’ people
involved. The Epstein horror has Sabbatian written all over it and
matches perfectly their modus operandi and obsession with sex and
ritual. Epstein was running a Sabbatian blackmail ring in which
famous people with political and other influence were provided
with young girls for sex while everything was being filmed and
recorded on hidden cameras and microphones at his New York
house, Caribbean island and other properties. Epstein survivors
have described this surveillance system to me and some have gone
public. Once the famous politician or other figure knew he or she
was on video they tended to do whatever they were told. Here we go
again ...when you’ve got them by the balls their hearts and minds
will follow. Sabbatians use this blackmail technique on a wide scale
across the world to entrap politicians and others they need to act as
demanded. Epstein’s private plane, the infamous ‘Lolita Express’,
had many well-known passengers including Bill Clinton while Bill
Gates has flown on an Epstein plane and met with him four years
after Epstein had been jailed for paedophilia. They subsequently met
many times at Epstein’s home in New York according to a witness
who was there. Epstein’s infamous side-kick was Ghislaine Maxwell,
daughter of Mossad agent and ultra-Zionist mega-crooked British
businessman, Bob Maxwell, who at one time owned the Daily Mirror
newspaper. Maxwell was murdered at sea on his boat in 1991 by
Sabbatian-controlled Mossad when he became a liability with his



business empire collapsing as a former Mossad operative has
confirmed (see The Trigger).

Money, money, money, funny money ...

Before I come to the Sabbatian connection with the last three US
presidents I will lay out the crucial importance to Sabbatians of
controlling banking and finance. Sabbatian Mayer Amschel
Rothschild set out to dominate this arena in his family’s quest for
total global control. What is freedom? It is, in effect, choice. The
more choices you have the freer you are and the fewer your choices
the more you are enslaved. In the global structure created over
centuries by Sabbatians the biggest decider and restrictor of choice is
... money. Across the world if you ask people what they would like
to do with their lives and why they are not doing that they will reply
‘I don’t have the money’. This is the idea. A global elite of multi-
billionaires are described as ‘greedy” and that is true on one level;
but control of money — who has it and who doesn’t — is not primarily
about greed. It’s about control. Sabbatians have seized ever more
control of finance and sucked the wealth of the world out of the
hands of the population. We talk now, after all, about the ‘One-
percent’ and even then the wealthiest are a lot fewer even than that.
This has been made possible by a money scam so outrageous and so
vast it could rightly be called the scam of scams founded on creating
‘money’ out of nothing and ‘loaning’ that with interest to the
population. Money out of nothing is called “credit’. Sabbatians have
asserted control over governments and banking ever more
completely through the centuries and secured financial laws that
allow banks to lend hugely more than they have on depositin a
confidence trick known as fractional reserve lending. Imagine if you
could lend money that doesn’t exist and charge the recipient interest
for doing so. You would end up in jail. Bankers by contrast end up in
mansions, private jets, Malibu and Monaco.

Banks are only required to keep a fraction of their deposits and

wealth in their vaults and they are allowed to lend “‘money’ they
don’t have called “credit. Go into a bank for a loan and if you succeed



the banker will not move any real wealth into your account. They
will type into your account the amount of the agreed ‘loan” — say
£100,000. This is not wealth that really exists; it is non-existent, fresh-
air, created-out-of-nothing ‘credit” which has never, does not, and
will never exist except in theory. Credit is backed by nothing except
wind and only has buying power because people think that it has
buying power and accept it in return for property, goods and
services. I have described this situation as like those cartoon
characters you see chasing each other and when they run over the
edge of a cliff they keep running forward on fresh air until one of
them looks down, realises what’s happened, and they all crash into
the ravine. The whole foundation of the Sabbatian financial system is
to stop people looking down except for periodic moments when they
want to crash the system (as in 2008 and 2020 ongoing) and reap the
rewards from all the property, businesses and wealth their borrowers
had signed over as ‘collateral” in return for a “loan” of fresh air. Most
people think that money is somehow created by governments when
it comes into existence from the start as a debt through banks
‘lending’ illusory money called credit. Yes, the very currency of
exchange is a debt from day one issued as an interest-bearing loan.
Why don’t governments create money interest-free and lend it to
their people interest-free? Governments are controlled by Sabbatians
and the financial system is controlled by Sabbatians for whom
interest-free money would be a nightmare come true. Sabbatians
underpin their financial domination through their global network of
central banks, including the privately-owned US Federal Reserve
and Britain’s Bank of England, and this is orchestrated by a
privately-owned central bank coordination body called the Bank for
International Settlements in Basle, Switzerland, created by the usual
suspects including the Rockefellers and Rothschilds. Central bank
chiefs don’t answer to governments or the people. They answer to
the Bank for International Settlements or, in other words, the Global
Cult which is dominated today by Sabbatians.



There are so many constituent scams within the overall banking
scam. When you take out a loan of thin-air credit only the amount of
that loan is theoretically brought into circulation to add to the
amount in circulation; but you are paying back the principle plus
interest. The additional interest is not created and this means that
with every ‘loan’ there is a shortfall in the money in circulation
between what is borrowed and what has to be paid back. There is
never even close to enough money in circulation to repay all
outstanding public and private debt including interest. Coldly
weaved in the very fabric of the system is the certainty that some
will lose their homes, businesses and possessions to the banking
‘lender’. This is less obvious in times of ‘boom” when the amount of
money in circulation (and the debt) is expanding through more
people wanting and getting loans. When a downturn comes and the
money supply contracts it becomes painfully obvious that there is
not enough money to service all debt and interest. This is less
obvious in times of ‘boom” when the amount of money in circulation
(and the debt) is expanding through more people wanting and
getting loans. When a downturn comes and the money supply
contracts and it becomes painfully obvious — as in 2008 and currently
— that there is not enough money to service all debt and interest.
Sabbatian banksters have been leading the human population
through a calculated series of booms (more debt incurred) and busts
(when the debt can’t be repaid and the banks get the debtor’s
tangible wealth in exchange for non-existent “credit’). With each
‘bust’ Sabbatian bankers have absorbed more of the world’s tangible
wealth and we end up with the One-percent. Governments are in
bankruptcy levels of debt to the same system and are therefore
owned by a system they do not control. The Federal Reserve,
‘America’s central bank’, is privately-owned and American
presidents only nominally appoint its chairman or woman to
maintain the illusion that it’s an arm of government. It’s not. The
‘Fed’ is a cartel of private banks which handed billions to its
associates and friends after the crash of 2008 and has been Sabbatian-
controlled since it was manipulated into being in 1913 through the
covert trickery of Rothschild banking agents Jacob Schiff and Paul



Warburg, and the Sabbatian Rockefeller family. Somehow from a
Jewish population of two-percent and globally 0.2 percent (Sabbatian
interlopers remember are far smaller) ultra-Zionists headed the
Federal Reserve for 31 years between 1987 and 2018 in the form of
Alan Greenspan, Bernard Bernanke and Janet Yellen (now Biden’s
Treasury Secretary) with Yellen’s deputy chairman a Israeli-
American duel citizen and ultra-Zionist Stanley Fischer, a former
governor of the Bank of Israel. Ultra-Zionist Fed chiefs spanned the
presidencies of Ronald Reagan (‘Republican’), Father George Bush
(‘Republican’), Bill Clinton (‘Democrat’), Boy George Bush
(‘Republican’) and Barack Obama (‘Democrat’). We should really
add the pre-Greenspan chairman, Paul Adolph Volcker, ‘appointed’
by Jimmy Carter (‘Democrat’) who ran the Fed between 1979 and
1987 during the Carter and Reagan administrations before
Greenspan took over. Volcker was a long-time associate and business
partner of the Rothschilds. No matter what the “party” officially in
power the United States economy was directed by the same force.
Here are members of the Obama, Trump and Biden administrations
and see if you can make out a common theme.

Barack Ohama (‘Democrat’)

Ultra-Zionists Robert Rubin, Larry Summers, and Timothy Geithner
ran the US Treasury in the Clinton administration and two of them
reappeared with Obama. Ultra-Zionist Fed chairman Alan
Greenspan had manipulated the crash of 2008 through deregulation
and jumped ship just before the disaster to make way for ultra-
Zionist Bernard Bernanke to hand out trillions to Sabbatian ‘too big
to fail’ banks and businesses, including the ubiquitous ultra-Zionist
Goldman Sachs which has an ongoing staff revolving door operation
between itself and major financial positions in government
worldwide. Obama inherited the fallout of the crash when he took
office in January, 2009, and fortunately he had the support of his
ultra-Zionist White House Chief of Staff Rahm Emmanuel, son of a
terrorist who helped to bomb Israel into being in 1948, and his ultra-
Zionist senior adviser David Axelrod, chief strategist in Obama’s two



successful presidential campaigns. Emmanuel, later mayor of
Chicago and former senior fundraiser and strategist for Bill Clinton,
is an example of the Sabbatian policy after Israel was established of
migrating insider families to America so their children would be
born American citizens. ‘Obama’ chose this financial team
throughout his administration to respond to the Sabbatian-instigated
crisis:

Timothy Geithner (ultra-Zionist) Treasury Secretary; Jacob J. Lew,
Treasury Secretary; Larry Summers (ultra-Zionist), director of the
White House National Economic Council; Paul Adolph Volcker
(Rothschild business partner), chairman of the Economic Recovery
Advisory Board; Peter Orszag (ultra-Zionist), director of the Office of
Management and Budget overseeing all government spending;
Penny Pritzker (ultra-Zionist), Commerce Secretary; Jared Bernstein
(ultra-Zionist), chief economist and economic policy adviser to Vice
President Joe Biden; Mary Schapiro (ultra-Zionist), chair of the
Securities and Exchange Commission (SEC); Gary Gensler (ultra-
Zionist), chairman of the Commodity Futures Trading Commission
(CFTC); Sheila Bair (ultra-Zionist), chair of the Federal Deposit
Insurance Corporation (FDIC); Karen Mills (ultra-Zionist), head of
the Small Business Administration (SBA); Kenneth Feinberg (ultra-
Zionist), Special Master for Executive [bail-out] Compensation.
Feinberg would be appointed to oversee compensation (with strings)
to 9/11 victims and families in a campaign to stop them having their
day in court to question the official story. At the same time ultra-
Zionist Bernard Bernanke was chairman of the Federal Reserve and
these are only some of the ultra-Zionists with allegiance to
Sabbatian-controlled Israel in the Obama government. Obama’s
biggest corporate donor was ultra-Zionist Goldman Sachs which had
employed many in his administration.

Donald Trump (Republican’)

Trump claimed to be an outsider (he wasn’t) who had come to ‘drain
the swamp’. He embarked on this goal by immediately appointing
ultra-Zionist Steve Mnuchin, a Goldman Sachs employee for 17



years, as his Treasury Secretary. Others included Gary Cohn (ultra-
Zionist), chief operating officer of Goldman Sachs, his first Director
of the National Economic Council and chief economic adviser, who
was later replaced by Larry Kudlow (ultra-Zionist). Trump’s senior
adviser throughout his four years in the White House was his
sinister son-in-law Jared Kushner, a life-long friend of Israel Prime
Minister Benjamin Netanyahu. Kushner is the son of a convicted
crook who was pardoned by Trump in his last days in office. Other
ultra-Zionists in the Trump administration included: Stephen Miller,
Senior Policy Adviser; Avrahm Berkowitz, Deputy Adviser to Trump
and his Senior Adviser Jared Kushner; Ivanka Trump, Adviser to the
President, who converted to Judaism when she married Jared
Kushner; David Friedman, Trump lawyer and Ambassador to Israel;
Jason Greenblatt, Trump Organization executive vice president and
chief legal officer, who was made Special Representative for
International Negotiations and the Israeli-Palestinian Conflict; Rod
Rosenstein, Deputy Attorney General; Elliot Abrams, Special
Representative for Venezuela, then Iran; John Eisenberg, National
Security Council Legal Adviser and Deputy Council to the President
for National Security Affairs; Anne Neuberger, Deputy National
Manager, National Security Agency; Ezra Cohen-Watnick, Acting
Under Secretary of Defense for Intelligence; Elan Carr, Special Envoy
to monitor and combat anti-Semitism; Len Khodorkovsky, Deputy
Special Envoy to monitor and combat anti-Semitism; Reed Cordish,
Assistant to the President, Intragovernmental and Technology
Initiatives. Trump Vice President Mike Pence and Secretary of State
Mike Pompeo, both Christian Zionists, were also vehement
supporters of Israel and its goals and ambitions.

Donald ‘free-speech believer” Trump pardoned a number of
financial and violent criminals while ignoring calls to pardon Julian
Assange and Edward Snowden whose crimes are revealing highly
relevant information about government manipulation and
corruption and the widespread illegal surveillance of the American
people by US ‘security” agencies. It’s so good to know that Trump is
on the side of freedom and justice and not mega-criminals with



allegiance to Sabbatian-controlled Israel. These included a pardon
for Israeli spy Jonathan Pollard who was jailed for life in 1987 under
the Espionage Act. Aviem Sella, the Mossad agent who recruited
Pollard, was also pardoned by Trump while Assange sat in jail and
Snowden remained in exile in Russia. Sella had ‘fled” (was helped to
escape) to Israel in 1987 and was never extradited despite being
charged under the Espionage Act. A Trump White House statement
said that Sella’s clemency had been ‘supported by Benjamin
Netanyahu, Ron Dermer, Israel’s US Ambassador, David Friedman,
US Ambassador to Israel and Miriam Adelson, wife of leading
Trump donor Sheldon Adelson who died shortly before. Other
friends of Jared Kushner were pardoned along with Sholom Weiss
who was believed to be serving the longest-ever white-collar prison
sentence of more than 800 years in 2000. The sentence was
commuted of Ponzi-schemer Eliyahu Weinstein who defrauded Jews
and others out of $200 million. I did mention that Assange and
Snowden were ignored, right? Trump gave Sabbatians almost
everything they asked for in military and political support, moving
the US Embassy from Tel Aviv to Jerusalem with its critical symbolic
and literal implications for Palestinian statehood, and the “deal of the
Century’ designed by Jared Kushner and David Friedman which
gave the Sabbatian Israeli government the green light to
substantially expand its already widespread program of building
illegal Jewish-only settlements in the occupied land of the West
Bank. This made a two-state “solution” impossible by seizing all the
land of a potential Palestinian homeland and that had been the plan
since 1948 and then 1967 when the Arab-controlled Gaza Strip, West
Bank, Sinai Peninsula and Syrian Golan Heights were occupied by
Israel. All the talks about talks and road maps and delays have been
buying time until the West Bank was physically occupied by Israeli
real estate. Trump would have to be a monumentally ill-informed
idiot not to see that this was the plan he was helping to complete.
The Trump administration was in so many ways the Kushner
administration which means the Netanyahu administration which
means the Sabbatian administration. I understand why many
opposing Cult fascism in all its forms gravitated to Trump, but he



was a crucial part of the Sabbatian plan and I will deal with this in
the next chapter.

Joe Biden ('Democrat)

A barely cognitive Joe Biden took over the presidency in January,
2021, along with his fellow empty shell, Vice-President Kamala
Harris, as the latest Sabbatian gofers to enter the White House.
Names on the door may have changed and the “party” — the force
behind them remained the same as Zionists were appointed to a
stream of pivotal areas relating to Sabbatian plans and policy. They
included: Janet Yellen, Treasury Secretary, former head of the Federal
Reserve, and still another ultra-Zionist running the US Treasury after
Mnuchin (Trump), Lew and Geithner (Obama), and Summers and
Rubin (Clinton); Anthony Blinken, Secretary of State; Wendy
Sherman, Deputy Secretary of State (so that’s ‘Biden’s” Sabbatian
foreign policy sorted); Jeft Zients, White House coronavirus
coordinator; Rochelle Walensky, head of the Centers for Disease
Control; Rachel Levine, transgender deputy health secretary (that’s
‘Covid” hoax policy under control); Merrick Garland, Attorney
General; Alejandro Mayorkas, Secretary of Homeland Security; Cass
Sunstein, Homeland Security with responsibility for new
immigration laws; Avril Haines, Director of National Intelligence;
Anne Neuberger, National Security Agency cybersecurity director
(note, cybersecurity); David Cohen, CIA Deputy Director; Ronald
Klain, Biden’s Chief of Staff (see Rahm Emanuel); Eric Lander, a
‘leading geneticist’, Office of Science and Technology Policy director
(see Smart Grid, synthetic biology agenda); Jessica Rosenworcel,
acting head of the Federal Communications Commission (FCC)
which controls Smart Grid technology policy and electromagnetic
communication systems including 5G. How can it be that so many
pivotal positions are held by two-percent of the American
population and 0.2 percent of the world population administration
after administration no matter who is the president and what is the
party? It’s a coincidence? Of course it’s not and this is why
Sabbatians have built their colossal global web of interlocking ‘anti-



hate” hate groups to condemn anyone who asks these glaring
questions as an ‘anti-Semite’. The way that Jewish people horrifically
abused in Sabbatian-backed Nazi Germany are exploited to this end
is stomach-turning and disgusting beyond words.

Sabbatian manipulation has reversed the roles of Republicans and
Democrats and the same has happened in Britain with the
Conservative and Labour Parties. Republicans and Conservatives
were always labelled the ‘right” and Democrats and Labour the ‘left’,
but look at the policy positions now and the Democrat-Labour ‘left’
has moved further to the ‘right’ than Republicans and Conservatives
under the banner of “Woke’, the Cult-created far-right tyranny.
Where once the Democrat-Labour ‘left” defended free speech and
human rights they now seek to delete them and as I said earlier
despite the ‘Covid’ fascism of the Jackboot Johnson Conservative
government in the UK the Labour Party of leader Keir Starmer
demanded even more extreme measures. The Labour Party has been
very publicly absorbed by Sabbatians after a political and media
onslaught against the previous leader, the weak and inept Jeremy
Corbyn, over made-up allegations of ‘anti-Semitism” both by him
and his party. The plan was clear with this ‘anti-Semite” propaganda
and what was required in response was a swift and decisive “fuck
off” from Corbyn and a statement to expose the Anti-Semitism
Industry (Sabbatian) attempt to silence Labour criticism of the Israeli
government (Sabbatians) and purge the party of all dissent against
the extremes of ultra-Zionism (Sabbatians). Instead Corbyn and his
party fell to their knees and appeased the abusers which, by
definition, is impossible. Appeasing one demand leads only to a new
demand to be appeased until takeover is complete. Like I say — “fuck
off” would have been a much more effective policy and I have used it
myself with great effect over the years when Sabbatians are on my
case which is most of the time. I consider that fact a great
compliment, by the way. The outcome of the Labour Party
capitulation is that we now have a Sabbatian-controlled



Conservative Party ‘opposed’ by a Sabbatian-controlled Labour
Party in a one-party Sabbatian state that hurtles towards the
extremes of tyranny (the Sabbatian cult agenda). In America the
situation is the same. Labour’s Keir Starmer spends his days on his
knees with his tongue out pointing to Tel Aviv, or I guess now
Jerusalem, while Boris Johnson has an “anti-Semitism czar’ in the
form of former Labour MP John Mann who keeps Starmer company
on his prayer mat.

Sabbatian influence can be seen in Jewish members of the Labour
Party who have been ejected for criticism of Israel including those
from families that suffered in Nazi Germany. Sabbatians despise real
Jewish people and target them even more harshly because it is so
much more difficult to dub them ‘anti-Semitic” although in their
desperation they do try.



CHAPTER THREE

The Pushbacker sting

Until you realize how easy it is for your mind to be manipulated, you
remain the puppet of someone else’s game
Evita Ochel

will use the presidencies of Trump and Biden to show how the

manipulation of the one-party state plays out behind the illusion
of political choice across the world. No two presidencies could — on
the face of it — be more different and apparently at odds in terms of
direction and policy.

A Renegade Mind sees beyond the obvious and focuses on
outcomes and consequences and not image, words and watffle. The
Cult embarked on a campaign to divide America between those who
blindly support its agenda (the mentality known as “Woke”) and
those who are pushing back on where the Cult and its Sabbatians
want to go. This presents infinite possibilities for dividing and ruling
the population by setting them at war with each other and allows a
perceptual ring fence of demonisation to encircle the Pushbackers in
a modern version of the Little Big Horn in 1876 when American
cavalry led by Lieutenant Colonel George Custer were drawn into a
trap, surrounded and killed by Native American tribes defending
their land of thousands of years from being seized by the
government. In this modern version the roles are reversed and it’s
those defending themselves from the Sabbatian government who are
surrounded and the government that’s seeking to destroy them. This
trap was set years ago and to explain how we must return to 2016



and the emergence of Donald Trump as a candidate to be President
of the United States. He set out to overcome the best part of 20 other
candidates in the Republican Party before and during the primaries
and was not considered by many in those early stages to have a
prayer of living in the White House. The Republican Party was said
to have great reservations about Trump and yet somehow he won
the nomination. When you know how American politics works —
politics in general — there is no way that Trump could have become
the party’s candidate unless the Sabbatian-controlled ‘Neocons’ that
run the Republican Party wanted that to happen. We saw the proof
in emails and documents made public by WikiLeaks that the
Democratic Party hierarchy, or Democons, systematically
undermined the campaign of Bernie Sanders to make sure that
Sabbatian gofer Hillary Clinton won the nomination to be their
presidential candidate. If the Democons could do that then the
Neocons in the Republican Party could have derailed Trump in the
same way. But they didn’t and at that stage I began to conclude that
Trump could well be the one chosen to be president. If that was the
case the “‘why’ was pretty clear to see — the goal of dividing America
between Cult agenda-supporting Wokers and Pushbackers who
gravitated to Trump because he was telling them what they wanted
to hear. His constituency of support had been increasingly ignored
and voiceless for decades and profoundly through the eight years of
Sabbatian puppet Barack Obama. Now here was someone speaking
their language of pulling back from the incessant globalisation of
political and economic power, the exporting of American jobs to
China and elsewhere by ‘American’ (Sabbatian) corporations, the
deletion of free speech, and the mass immigration policies that had
further devastated job opportunities for the urban working class of
all races and the once American heartlands of the Midwest.

Beware the forked tongue

Those people collectively sighed with relief that at last a political
leader was apparently on their side, but another trait of the
Renegade Mind is that you look even harder at people telling you



what you want to hear than those who are telling you otherwise.
Obviously as I said earlier people wish what they want to hear to be
true and genuine and they are much more likely to believe that than
someone saying what they don’t want to here and don’t want to be
true. Sales people are taught to be skilled in eliciting by calculated
questioning what their customers want to hear and repeating that
back to them as their own opinion to get their targets to like and
trust them. Assets of the Cult are also sales people in the sense of
selling perception. To read Cult manipulation you have to play the
long and expanded game and not fall for the Vaudeville show of
party politics. Both American parties are vehicles for the Cult and
they exploit them in different ways depending on what the agenda
requires at that moment. Trump and the Republicans were used to
be the focus of dividing America and isolating Pushbackers to open
the way for a Biden presidency to become the most extreme in
American history by advancing the full-blown Woke (Cult) agenda
with the aim of destroying and silencing Pushbackers now labelled
Nazi Trump supporters and white supremacists.

Sabbatians wanted Trump in office for the reasons described by
ultra-Zionist Saul Alinsky (1909-1972) who was promoting the Woke
philosophy through ‘community organising” long before anyone had
heard of it. In those days it still went by its traditional name of
Marxism. The reason for the manipulated Trump phenomenon was
laid out in Alinsky’s 1971 book, Rules for Radicals, which was his
blueprint for overthrowing democratic and other regimes and
replacing them with Sabbatian Marxism. Not surprisingly his to-do
list was evident in the Sabbatian French and Russian ‘Revolutions’
and that in China which will become very relevant in the next
chapter about the ‘Covid” hoax. Among Alinsky’s followers have
been the deeply corrupt Barack Obama, House Speaker Nancy Pelosi
and Hillary Clinton who described him as a ‘hero’. All three are
Sabbatian stooges with Pelosi personitying the arrogant corrupt
idiocy that so widely fronts up for the Cult inner core. Predictably as
a Sabbatian advocate of the ‘light-bringer” Alinsky features Lucifer
on the dedication page of his book as the original radical who gained



his own kingdom (“Earth” as we shall see). One of Alinsky’s golden
radical rules was to pick an individual and focus all attention, hatred
and blame on them and not to target faceless bureaucracies and
corporations. Rules for Radicals is really a Sabbatian handbook with
its contents repeatedly employed all over the world for centuries and
why wouldn’t Sabbatians bring to power their designer-villain to be
used as the individual on which all attention, hatred and blame was
bestowed? This is what they did and the only question for me is how
much Trump knew that and how much he was manipulated. A bit of
both, I suspect. This was Alinsky’s Trump technique from a man
who died in 1972. The technique has spanned history:

Pick the target, freeze it, personalize it, polarize it. Don’t try to attack abstract corporations or
bureaucracies. Identify a responsible individual. Ignore attempts to shift or spread the blame.

From the moment Trump came to illusory power everything was
about him. It wasn’t about Republican policy or opinion, but all
about Trump. Everything he did was presented in negative,
derogatory and abusive terms by the Sabbatian-dominated media
led by Cult operations such as CNN, MSNBC, The New York Times

and the Jeff Bezos-owned Washington Post — ‘Pick the target, freeze it,
personalize it, polarize it.” Trump was turned into a demon to be
vilified by those who hated him and a demi-god loved by those who
worshipped him. This, in turn, had his supporters, too, presented as
equally demonic in preparation for the punchline later down the line
when Biden was about to take office. It was here’s a Trump, there’s a
Trump, everywhere a Trump, Trump. Virtually every news story or
happening was filtered through the lens of “The Donald’. You loved
him or hated him and which one you chose was said to define you as
Satan’s spawn or a paragon of virtue. Even supporting some Trump
policies or statements and not others was enough for an assault on
your character. No shades of grey were or are allowed. Everything is
black and white (literally and figuratively). A Californian I knew had
her head utterly scrambled by her hatred for Trump while telling
people they should love each other. She was so totally consumed by



Trump Derangement Syndrome as it became to be known that this
glaring contradiction would never have occurred to her. By
definition anyone who criticised Trump or praised his opponents
was a hero and this lady described Joe Biden as ‘a kind, honest
gentleman” when he’s a provable liar, mega-crook and vicious piece
of work to boot. Sabbatians had indeed divided America using
Trump as the fall-guy and all along the clock was ticking on the
consequences for his supporters.

Trump gave Sabbatians via Israel almost everything they wanted in
his four years. Ask and you shall receive was the dynamic between
himself and Benjamin Netanyahu orchestrated by Trump’s ultra-
Zionist son-in-law Jared Kushner, his ultra-Zionist Ambassador to
Israel, David Friedman, and ultra-Zionist ‘Israel adviser’, Jason
Greenblatt. The last two were central to the running and protecting
from collapse of his business empire, the Trump Organisation, and
colossal business failures made him forever beholding to Sabbatian
networks that bailed him out. By the start of the 1990s Trump owed
$4 billion to banks that he couldn’t pay and almost $1billion of that
was down to him personally and not his companies. This mega-
disaster was the result of building two new casinos in Atlantic City
and buying the enormous Taj Mahal operation which led to
crippling debt payments. He had borrowed fantastic sums from 72
banks with major Sabbatian connections and although the scale of
debt should have had him living in a tent alongside the highway
they never foreclosed. A plan was devised to lift Trump from the
mire by BT Securities Corporation and Rothschild Inc. and the case
was handled by Wilber Ross who had worked for the Rothschilds for
27 years. Ross would be named US Commerce Secretary after
Trump’s election. Another crucial figure in saving Trump was ultra-
Zionist ‘investor” Carl Icahn who bought the Taj Mahal casino. Icahn
was made special economic adviser on financial regulation in the
Trump administration. He didn't stay long but still managed to find
time to make a tidy sum of a reported $31.3 million when he sold his



holdings affected by the price of steel three days before Trump
imposed a 235 percent tariff on steel imports. What amazing bits of
luck these people have. Trump and Sabbatian operatives have long
had a close association and his mentor and legal adviser from the
early 1970s until 1986 was the dark and genetically corrupt ultra-
Zionist Roy Cohn who was chief counsel to Senator Joseph
McCarthy’s ‘communist” witch-hunt in the 1950s. Esquire magazine
published an article about Cohn with the headline “Don’t mess with
Roy Cohn’. He was described as the most feared lawyer in New York
and “a ruthless master of dirty tricks ... [with] ... more than one Mafia
Don on speed dial’. Cohn’s influence, contacts, support and
protection made Trump a front man for Sabbatians in New York
with their connections to one of Cohn’s many criminal employers,
the ‘Russian’ Sabbatian Mafia. Israel-centric media mogul Rupert
Murdoch was introduced to Trump by Cohn and they started a long
friendship. Cohn died in 1986 weeks after being disbarred for
unethical conduct by the Appellate Division of the New York State
Supreme Court. The wheels of justice do indeed run slow given the
length of Cohn’s crooked career.

We are asked to believe that Donald Trump with his fundamental
connections to Sabbatian networks and operatives has been leading
the fight to stop the Sabbatian agenda for the fascistic control of
America and the world. Sure he has. A man entrapped during his
years in the White House by Sabbatian operatives and whose biggest
financial donor was casino billionaire Sheldon Adelson who was
Sabbatian to his DNA?? Oh, do come on. Trump has been used to
divide America and isolate Pushbackers on the Cult agenda under
the heading of “Trump supporters’, ‘insurrectionists” and ‘white
supremacists’. The US Intelligence/Mossad Psyop or psychological
operation known as QAnon emerged during the Trump years as a
central pillar in the Sabbatian campaign to lead Pushbackers into the
trap set by those that wished to destroy them. I knew from the start
that QAnon was a scam because I had seen the same scenario many



times before over 30 years under different names and I had written
about one in particular in the books. ‘Not again” was my reaction
when QAnon came to the fore. The same script is pulled out every
few years and a new name added to the letterhead. The story always
takes the same form: ‘Insiders’” or ‘the good guys’ in the government-
intelligence-military ‘Deep State” apparatus were going to instigate
mass arrests of the ‘bad guys’ which would include the Rockefellers,
Rothschilds, Barack Obama, Hillary Clinton, George Soros, etc., etc.
Dates are given for when the ‘good guys’ are going to move in, but
the dates pass without incident and new dates are given which pass
without incident. The central message to Pushbackers in each case is
that they don’t have to do anything because there is ‘a plan” and it is
all going to be sorted by the “good guys’ on the inside. “Trust the
plan” was a QAnon mantra when the only plan was to misdirect
Pushbackers into putting their trust in a Psyop they believed to be
real. Beware, beware, those who tell you what you want to hear and
always check it out. Right up to Biden’s inauguration QAnon was
still claiming that ‘the Storm” was coming and Trump would stay on
as president when Biden and his cronies were arrested and jailed. It
was never going to happen and of course it didn’t, but what did
happen as a result provided that punchline to the Sabbatian
Trump/QAnon Psyop.

On January 6th, 2021, a very big crowd of Trump supporters
gathered in the National Mall in Washington DC down from the
Capitol Building to protest at what they believed to be widespread
corruption and vote fraud that stopped Trump being re-elected for a
second term as president in November, 2020. I say as someone that
does not support Trump or Biden that the evidence is clear that
major vote-fixing went on to favour Biden, a man with cognitive
problems so advanced he can often hardly string a sentence together
without reading the words written for him on the Teleprompter.
Glaring ballot discrepancies included serious questions about
electronic voting machines that make vote rigging a comparative
cinch and hundreds of thousands of paper votes that suddenly
appeared during already advanced vote counts and virtually all of



them for Biden. Early Trump leads in crucial swing states suddenly
began to close and disappear. The pandemic hoax was used as the
excuse to issue almost limitless numbers of mail-in ballots with no
checks to establish that the recipients were still alive or lived at that
address. They were sent to streams of people who had not even
asked for them. Private organisations were employed to gather these
ballots and who knows what they did with them before they turned
up at the counts. The American election system has been
manipulated over decades to become a sick joke with more holes
than a Swiss cheese for the express purpose of dictating the results.
Then there was the criminal manipulation of information by
Sabbatian tech giants like Facebook, Twitter and Google-owned
YouTube which deleted pro-Trump, anti-Biden accounts and posts
while everything in support of Biden was left alone. Sabbatians
wanted Biden to win because after the dividing of America it was
time for full-on Woke and every aspect of the Cult agenda to be
unleashed.

Hunter gatherer

Extreme Silicon Valley bias included blocking information by the
New York Post exposing a Biden scandal that should have ended his
bid for president in the final weeks of the campaign. Hunter Biden,
his monumentally corrupt son, is reported to have sent a laptop to
be repaired at a local store and failed to return for it. Time passed
until the laptop became the property of the store for non-payment of
the bill. When the owner saw what was on the hard drive he gave a
copy to the FBI who did nothing even though it confirmed
widespread corruption in which the Joe Biden family were using his
political position, especially when he was vice president to Obama,
to make multiple millions in countries around the world and most
notably Ukraine and China. Hunter Biden’s one-time business
partner Tony Bobulinski went public when the story broke in the
New York Post to confirm the corruption he saw and that Joe Biden
not only knew what was going on he also profited from the spoils.
Millions were handed over by a Chinese company with close



connections — like all major businesses in China — to the Chinese
communist party of President Xi Jinping. Joe Biden even boasted at a
meeting of the Cult’'s World Economic Forum that as vice president
he had ordered the government of Ukraine to fire a prosecutor. What
he didn’t mention was that the same man just happened to be
investigating an energy company which was part of Hunter Biden’s
corrupt portfolio. The company was paying him big bucks for no
other reason than the influence his father had. Overnight Biden’s
presidential campaign should have been over given that he had lied
publicly about not knowing what his son was doing. Instead almost
the entire Sabbatian-owned mainstream media and Sabbatian-
owned Silicon Valley suppressed circulation of the story. This alone
went a mighty way to rigging the election of 2020. Cult assets like
Mark Zuckerberg at Facebook also spent hundreds of millions to be
used in support of Biden and vote “administration’.

The Cult had used Trump as the focus to divide America and was
now desperate to bring in moronic, pliable, corrupt Biden to
complete the double-whammy. No way were they going to let little
things like the will of the people thwart their plan. Silicon Valley
widely censored claims that the election was rigged because it was
rigged. For the same reason anyone claiming it was rigged was
denounced as a “white supremacist’ including the pathetically few
Republican politicians willing to say so. Right across the media
where the claim was mentioned it was described as a “false claim’
even though these excuses for ‘journalists” would have done no
research into the subject whatsoever. Trump won seven million more
votes than any sitting president had ever achieved while somehow a
cognitively-challenged soon to be 78-year-old who was hidden away
from the public for most of the campaign managed to win more
votes than any presidential candidate in history. It makes no sense.
You only had to see election rallies for both candidates to witness the
enthusiasm for Trump and the apathy for Biden. Tens of thousands
would attend Trump events while Biden was speaking in empty car
parks with often only television crews attending and framing their
shots to hide the fact that no one was there. It was pathetic to see



footage come to light of Biden standing at a podium making
speeches only to TV crews and party fixers while reading the words
written for him on massive Teleprompter screens. So, yes, those
protestors on January 6th had a point about election rigging, but
some were about to walk into a trap laid for them in Washington by
the Cult Deep State and its QAnon Psyop. This was the Capitol Hill
riot ludicrously dubbed an ‘insurrection’.

The spider and the fly

Renegade Minds know there are not two ‘sides’ in politics, only one
side, the Cult, working through all ‘sides’. It’s a stage show, a puppet
show, to direct the perceptions of the population into focusing on
diversions like parties and candidates while missing the puppeteers
with their hands holding all the strings. The Capitol Hill
‘insurrection” brings us back to the Little Big Horn. Having created
two distinct opposing groupings — Woke and Pushbackers — the trap
was about to be sprung. Pushbackers were to be encircled and
isolated by associating them all in the public mind with Trump and
then labelling Trump as some sort of Confederate leader. I knew
immediately that the Capitol riot was a set-up because of two things.
One was how easy the rioters got into the building with virtually no
credible resistance and secondly I could see — as with the ‘Covid’
hoax in the West at the start of 2020 — how the Cult could exploit the
situation to move its agenda forward with great speed. My
experience of Cult techniques and activities over more than 30 years
has showed me that while they do exploit situations they haven't
themselves created this never happens with events of fundamental
agenda significance. Every time major events giving cultists the
excuse to rapidly advance their plan you find they are manipulated
into being for the specific reason of providing that excuse — Problem-
Reaction-Solution. Only a tiny minority of the huge crowd of
Washington protestors sought to gain entry to the Capitol by
smashing windows and breaching doors. That didn’t matter. The
whole crowd and all Pushbackers, even if they did not support
Trump, were going to be lumped together as dangerous



insurrectionists and conspiracy theorists. The latter term came into
widespread use through a CIA memo in the 1960s aimed at
discrediting those questioning the nonsensical official story of the
Kennedy assassination and it subsequently became widely
employed by the media. It’s still being used by inept ‘journalists’
with no idea of its origin to discredit anyone questioning anything
that authority claims to be true. When you are perpetrating a
conspiracy you need to discredit the very word itself even though
the dictionary definition of conspiracy is merely “the activity of
secretly planning with other people to do something bad or illegal’
and “a general agreement to keep silent about a subject for the
purpose of keeping it secret’. On that basis there are conspiracies
almost wherever you look. For obvious reasons the Cult and its
lapdog media have to claim there are no conspiracies even though
the word appears in state laws as with conspiracy to defraud, to
murder, and to corrupt public morals.

Agent provocateurs are widely used by the Cult Deep State to
manipulate genuine people into acting in ways that suit the desired
outcome. By genuine in this case I mean protestors genuinely
supporting Trump and claims that the election was stolen. In among
them, however, were agents of the state wearing the garb of Trump
supporters and QAnon to pump-prime the Capital riot which some
genuine Trump supporters naively fell for. I described the situation
as ‘Come into my parlour said the spider to the fly’. Leaflets
appeared through the Woke paramilitary arm Antifa, the anti-fascist
fascists, calling on supporters to turn up in Washington looking like
Trump supporters even though they hated him. Some of those
arrested for breaching the Capitol Building were sourced to Antifa
and its stable mate Black Lives Matter. Both organisations are funded
by Cult billionaires and corporations. One man charged for the riot
was according to his lawyer a former FBI agent who had held top
secret security clearance for 40 years. Attorney Thomas Plofchan said
of his client, 66-year-old Thomas Edward Caldwell:

He has held a Top Secret Security Clearance since 1979 and has undergone multiple Special
Background Investigations in support of his clearances. After retiring from the Navy, he



worked as a section chief for the Federal Bureau of Investigation from 2009-2010 as a GS-12
[mid-level employeel].

He also formed and operated a consulting firm performing work, often classified, for U.S
government customers including the US. Drug Enforcement Agency, Department of Housing
and Urban Development, the US Coast Guard, and the US Army Personnel Command.

A judge later released Caldwell pending trial in the absence of
evidence about a conspiracy or that he tried to force his way into the
building. The New York Post reported a ‘law enforcement source” as
saying that ‘at least two known Antifa members were spotted” on
camera among Trump supporters during the riot while one of the
rioters arrested was John Earle Sullivan, a seriously extreme Black
Lives Matter Trump-hater from Utah who was previously arrested
and charged in July, 2020, over a BLM-Antifa riot in which drivers
were threatened and one was shot. Sullivan is the founder of Utah-
based Insurgence USA which is an affiliate of the Cult-created-and-
funded Black Lives Matter movement. Footage appeared and was
then deleted by Twitter of Trump supporters calling out Antifa
infiltrators and a group was filmed changing into pro-Trump
clothing before the riot. Security at the building was pathetic — as
planned. Colonel Leroy Fletcher Prouty, a man with long experience
in covert operations working with the US security apparatus, once
described the tell-tale sign to identify who is involved in an
assassination. He said:

No one has to direct an assassination — it happens. The active role is played secretly by
permitting it to happen. This is the greatest single clue. Who has the power to call off or
reduce the usual security precautions?

This principle applies to many other situations and certainly to the
Capitol riot of January 6th, 2021.

The sting

With such a big and potentially angry crowd known to be gathering
near the Capitol the security apparatus would have had a major
police detail to defend the building with National Guard troops on



standby given the strength of feeling among people arriving from all
over America encouraged by the QAnon Psyop and statements by
Donald Trump. Instead Capitol Police “security” was flimsy, weak,
and easily breached. The same number of officers was deployed as
on a regular day and that is a blatant red flag. They were not staffed
or equipped for a possible riot that had been an obvious possibility
in the circumstances. No protective and effective fencing worth the
name was put in place and there were no contingency plans. The
whole thing was basically a case of standing aside and waving
people in. Once inside police mostly backed off apart from one
Capitol police officer who ridiculously shot dead unarmed Air Force
veteran protestor Ashli Babbitt without a warning as she climbed
through a broken window. The “investigation” refused to name or
charge the officer after what must surely be considered a murder in
the circumstances. They just lifted a carpet and swept. The story was
endlessly repeated about five people dying in the ‘armed
insurrection” when there was no report of rioters using weapons.
Apart from Babbitt the other four died from a heart attack, strokes
and apparently a drug overdose. Capitol police officer Brian Sicknick
was reported to have died after being bludgeoned with a fire
extinguisher when he was alive after the riot was over and died later
of what the Washington Medical Examiner’s Office said was a stroke.
Sicknick had no external injuries. The lies were delivered like rapid
fire. There was a narrative to build with incessant repetition of the lie
until the lie became the accepted ‘everybody knows that” truth. The
‘Big Lie” technique of Nazi Propaganda Minister Joseph Goebbels is
constantly used by the Cult which was behind the Nazis and is
today behind the ‘Covid’ and ‘climate change” hoaxes. Goebbels
said:

If you tell a lie big enough and keep repeating it, people will eventually come to believe it.
The lie can be maintained only for such time as the State can shield the people from the
political, economic and/or military consequences of the lie. It thus becomes vitally important
for the State to use all of its powers to repress dissent, for the truth is the mortal enemy of the
lie, and thus by extension, the truth is the greatest enemy of the State.



Most protestors had a free run of the Capitol Building. This
allowed pictures to be taken of rioters in iconic parts of the building
including the Senate chamber which could be used as propaganda
images against all Pushbackers. One Congresswoman described the
scene as “the worst kind of non-security anybody could ever
imagine’. Well, the first part was true, but someone obviously did
imagine it and made sure it happened. Some photographs most
widely circulated featured people wearing QAnon symbols and now
the Psyop would be used to dub all QAnon followers with the
ubiquitous fit-all label of “white supremacist’ and ‘insurrectionists’.
When a Muslim extremist called Noah Green drove his car at two
police officers at the Capitol Building killing one in April, 2021, there
was no such political and media hysteria. They were just
disappointed he wasn’t white.

The witch-hunt

Government prosecutor Michael Sherwin, an aggressive, dark-eyed,
professional Rottweiler led the “investigation” and to call it over the
top would be to understate reality a thousand fold. Hundreds were
tracked down and arrested for the crime of having the wrong
political views and people were jailed who had done nothing more
than walk in the building, committed no violence or damage to
property, took a few pictures and left. They were labelled a ‘threat to
the Republic” while Biden sat in the White House signing executive
orders written for him that were dismantling ‘the Republic’. Even
when judges ruled that a mother and son should not be in jail the
government kept them there. Some of those arrested have been
badly beaten by prison guards in Washington and lawyers for one
man said he suffered a fractured skull and was made blind in one
eye. Meanwhile a woman is shot dead for no reason by a Capitol
Police officer and we are not allowed to know who he is never mind
what has happened to him although that will be nothing. The Cult’s
QAnon/Trump sting to identify and isolate Pushbackers and then
target them on the road to crushing and deleting them was a
resounding success. You would have thought the Russians had



invaded the building at gunpoint and lined up senators for a firing
squad to see the political and media reaction. Congresswoman
Alexandria Ocasio-Cortez is a child in a woman’s body, a terrible-
twos, me, me, me, Woker narcissist of such proportions that words
have no meaning. She said she thought she was going to die when
‘insurrectionists” banged on her office door. It turned out she wasn't
even in the Capitol Building when the riot was happening and the
‘banging” was a Capitol Police officer. She referred to herself as a
‘survivor” which is an insult to all those true survivors of violent and
sexual abuse while she lives her pampered and privileged life
talking drivel for a living. Her Woke colleague and fellow mega-
narcissist Rashida Tlaib broke down describing the devastating
effect on her, too, of not being in the building when the rioters were
there. Ocasio-Cortez and Tlaib are members of a fully-Woke group
of Congresswomen known as ‘“The Squad” along with Ilhan Omar
and Ayanna Pressley. The Squad from what I can see can be
identified by its vehement anti-white racism, anti-white men agenda,
and, as always in these cases, the absence of brain cells on active
duty.

The usual suspects were on the riot case immediately in the form
of Democrat ultra-Zionist senators and operatives Chuck Schumer
and Adam Schiff demanding that Trump be impeached for ‘his part
in the insurrection’. The same pair of prats had led the failed
impeachment of Trump over the invented ‘Russia collusion’
nonsense which claimed Russia had helped Trump win the 2016
election. I didn't realise that Tel Aviv had been relocated just outside
Moscow. I must find an up-to-date map. The Russia hoax was a
Sabbatian operation to keep Trump occupied and impotent and to
stop any rapport with Russia which the Cult wants to retain as a
perceptual enemy to be pulled out at will. Puppet Biden began
attacking Russia when he came to office as the Cult seeks more
upheaval, division and war across the world. A two-year stage show
‘Russia collusion inquiry” headed by the not-very-bright former 9/11
FBI chief Robert Mueller, with support from 19 lawyers, 40 FBI
agents plus intelligence analysts, forensic accountants and other



staff, devoured tens of millions of dollars and found no evidence of
Russia collusion which a ten-year-old could have told them on day
one. Now the same moronic Schumer and Schiff wanted a second
impeachment of Trump over the Capitol ‘insurrection’ (riot) which
the arrested development of Schumer called another ‘Pearl Harbor’
while others compared it with 9/11 in which 3,000 died and, in the
case of CNN, with the Rwandan genocide in the 1990s in which an
estimated 500,000 to 600,000 were murdered, between 250, 000 and
500,000 women were raped, and populations of whole towns were
hacked to death with machetes. To make those comparisons purely
for Cult political reasons is beyond insulting to those that suffered
and lost their lives and confirms yet again the callous inhumanity
that we are dealing with. Schumer is a monumental idiot and so is
Schiff, but they serve the Cult agenda and do whatever they’re told
so they get looked after. Talking of idiots — another inane man who
spanned the Russia and Capitol impeachment attempts was Senator
Eric Swalwell who had the nerve to accuse Trump of collusion with
the Russians while sleeping with a Chinese spy called Christine Fang
or ‘Fang Fang” which is straight out of a Bond film no doubt starring
Klaus Schwab as the bloke living on a secret island and controlling
laser weapons positioned in space and pointing at world capitals.
Fang Fang plays the part of Bond’s infiltrator girlfriend which I'm
sure she would enjoy rather more than sharing a bed with the
brainless Swalwell, lying back and thinking of China. The FBI
eventually warned Swalwell about Fang Fang which gave her time
to escape back to the Chinese dictatorship. How very thoughtful of
them. The second Trump impeachment also failed and hardly
surprising when an impeachment is supposed to remove a sitting
president and by the time it happened Trump was no longer
president. These people are running your country America, well,
officially anyway. Terrifying isn’t it?

Outcomes tell the story - always

The outcome of all this — and it’s the outcome on which Renegade
Minds focus, not the words — was that a vicious, hysterical and



obviously pre-planned assault was launched on Pushbackers to
censor, silence and discredit them and even targeted their right to
earn a living. They have since been condemned as “domestic
terrorists’ that need to be treated like Al-Qaeda and Islamic State.
‘Domestic terrorists’ is a label the Cult has been trying to make stick
since the period of the Oklahoma bombing in 1995 which was
blamed on ‘far-right domestic terrorists’. If you read The Trigger you
will see that the bombing was clearly a Problem-Reaction-Solution
carried out by the Deep State during a Bill Clinton administration so
corrupt that no dictionary definition of the term would even nearly
suffice. Nearly 30, 000 troops were deployed from all over America
to the empty streets of Washington for Biden’s inauguration. Ten
thousand of them stayed on with the pretext of protecting the capital
from insurrectionists when it was more psychological programming
to normalise the use of the military in domestic law enforcement in
support of the Cult plan for a police-military state. Biden’s fascist
administration began a purge of ‘wrong-thinkers’ in the military
which means anyone that is not on board with Woke. The Capitol
Building was surrounded by a fence with razor wire and the Land of
the Free was further symbolically and literally dismantled. The circle
was completed with the installation of Biden and the exploitation of
the QAnon Psyop.

America had never been so divided since the civil war of the 19th
century, Pushbackers were isolated and dubbed terrorists and now,
as was always going to happen, the Cult immediately set about
deleting what little was left of freedom and transforming American
society through a swish of the hand of the most controlled
‘president’ in American history leading (officially at least) the most
extreme regime since the country was declared an independent state
on July 4th, 1776. Biden issued undebated, dictatorial executive
orders almost by the hour in his opening days in office across the
whole spectrum of the Cult wish-list including diluting controls on
the border with Mexico allowing thousands of migrants to illegally
enter the United States to transform the demographics of America
and import an election-changing number of perceived Democrat



voters. Then there were Biden deportation amnesties for the already
illegally resident (estimated to be as high as 20 or even 30 million). A
bill before Congress awarded American citizenship to anyone who
could prove they had worked in agriculture for just 180 days in the
previous two years as ‘Big Ag’ secured its slave labour long-term.
There were the plans to add new states to the union such as Puerto
Rico and making Washington DC a state. They are all parts of a plan
to ensure that the Cult-owned Woke Democrats would be
permanently in power.

I have exposed in detail in other books how mass immigration into
the United States and Europe is the work of Cult networks fuelled by
the tens of billions spent to this and other ends by George Soros and
his global Open Society (open borders) Foundations. The impact can
be seen in America alone where the population has increased by 100
million in little more than 30 years mostly through immigration. I
wrote in The Answer that the plan was to have so many people
crossing the southern border that the numbers become unstoppable
and we are now there under Cult-owned Biden. El Salvador in
Central America puts the scale of what is happening into context. A
third of the population now lives in the United States, much of it
illegally, and many more are on the way. The methodology is to
crush Central and South American countries economically and
spread violence through machete-wielding psychopathic gangs like
MS-13 based in El Salvador and now operating in many American
cities. Biden-imposed lax security at the southern border means that
it is all but open. He said before his ‘election” that 