Chapter 01: Basic Python and Linear Algebra for
Predictive Analytics
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Raw data

Fe=ture veerm Labels Learning algorithm for predictive

/ E analytics
at

(12, 20, 25, 50, ..., 90) => Bird

(42, 18, 16, 76, ..., 65) => Dog

(35, 87, 27, 50, ..., 30) => Cat

(34, 21, 25, 30, ..., 70) => Dog

(34, 25, 21, 87, ..., 50) => Cat m

U

Model inferencing

(32, 20, 20, 70, ..., 23) => Unknown label |:>®|:>

(32, 20, 20, 70, ..., 23) => Bird

L4 04 4 3

Hello I’'m a dog



Computer Name Hardware Advanced System Protection Remote

You must be logged on as an Administrator to make most of these changes.

Performance

Visual effects, processor scheduling, memory usage, and virtual memory

Settings...
User Profiles
Desktop settings related to your sign-in
Settings...
Startup and Recovery
System startup, system failure, and debugging information
Settings...

Environment Variables...

OK Cancel Apply



Enviranment Varables

User vanables for Jason

Vanable Value

Path Ch\Users\Jason'\ AppDatalLocal Programs\ Python'\ Python38\Scripts...
il e eh aERF U s DLt LoC "
TMP SeUSERPROFILE®\AppDataLocal Temp

New.. | Edit. | Delete

System vanables

Varable Value =

¢ ES JOUNT EAERE
PROCESSOR_ARCHITECTURE  AMDG4
PROCESSOR_IDENTIFIER Intelé4 Family 6 Model 60 Stepping 3, Genuinelntel
PROCESSOR_LEVEL 5
PROCESSOR REVISION 303 v

New.. || Edit. || Delete

oK Cancel




Tools
—| LICENSE.txt
— NEWS.txt

|E python.exe |

% python3.dll

IF python3.exe
“ python36.dll

@ pythonw.exe
2 veruntime140.dll

C:\Users\rezkar>python3
Python 3.6.1

C:\Users\rezkar>python
Python 2.7.13

C:\Users\rezkar>

N

Propellor

7/12/2017 10:50 A...

3/21/2017 6:01 PM
3/21/2017 5:48 PM
3/21/2017 5:58 PM
3/21/2017 5:55 PM
3/21/2017 5:58 PM
3/21/2017 5:55 PM
3/21/2017 5:58 PM
6/9/2016 11:46 PM

Propellor

File folder

Text Document
Text Document
Application
Application extens...
Application
Application extens...
Application

Application extens...

——yersion

——yersion
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Gene 3

Gene 2

Original Data Space

Gene 1

-0.758111069207

0.652125453227

PC1

0652123453227

0758111069207

Component Space

PCA

PC2

131900344373 0502060143475

0.805893781157

PC1




Royal Bengal Tiger, Sundarban, Bangladesh
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Compressed image of the Royal Bengal Tiger, using best rank-50 approximation

100
150

200

250 i Al .
e - N L GO - i
b TP e W 2 I
: o T P T G
. i ‘*5"%' ,
0 100 200 300 400 500 600



100

150

200

250

100

Compressed image of the Royal Bengal Tiger, using best rank-10 approximation

200 300 400 500

600



Chapter 02: Statistics, Probability, and Information
Theory for Predictive Modeling
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Perfect High Low Low High Perfect
Positive Positive Positive No Negative Negative Negative
Correlation Correlation Correlation Correlation Correlation Correlation Correlation
. vﬂ ° s 0 o ° :, ° ‘q
@ : ° °o ° N o1 : uo 2 . : o ° N
1 0.9 0.5 0 -0.5 -0.9 -1
Sex Wr.Hnd | NW.Hnd | W.Hnd | Fold Pulse | Clap Exer | Smoke | Height | M.l Age
Female | 18.5 18 Right | RonlL |92 Left Some | Never | 173 Metric | 18.25
Male 19.5 20.5 Left RonlL | 104 | Left None | Regul | 177.8 Imperial | 17.583
Male 18 13.3 Right | LonR | 87 Neither | None [ Occas | NA NA 16.917
Male 18.8 189 Right [ RonL | NA Neither | None | Never | 160 Metric | 20.333
Male 20 20 Right | Neither | 35 Right Some | Never | 165 Metric | 23.667
Female | 18 177 Right |LonR |64 Right Some | Never | 172.72 | Imperial | 21
s
A B

Aand B
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Y influences X if Y’s past activity helps to predict X's future activity

What is Lorem Ipsum?

Lorem Ipsum is simply dummy text of the printing and typesetting industry.
Lorem Ipsum has been the industry's standard dumimy text ever since the
1500s, when an unknown printer tock a galley of type and scrambled it to
make a type specimen book. It has survived not only five centuries,

What is Lorem Ipsum?

Lorem Ipsum is simply dummy text of the printing and typesetting industry.

Lorem Ipsum has been the industry's standard dummy text ever since the
1500s, when an unknown printer took a galley of type and scrambled it to
make a type specimen book. It has survived not only five centuries,

What is Lorem Ipsum?

Lorem Ipsum is simply dummy text of the printing and typesetting industry.
Lorem Ipsum has been the industry's standard dummy text ever since the
15008, when an unknown printer toek a galley of type and scrambled it to
make a type specimen book. It has survived not only five centuries,

What is Lorem Ipsum?

Lorem Ipsum is simply dummy text of the printing and typesetting industry.
Lorem Ipsum has been the industry's standard dummy text ever since the
1500s, when an unknown printer tock a galley of type and serambled it to
make a type specimen book. It has survived not only five centuries,
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Chapter 03: From Data to Decisions — Getting
Started with TensorFlow

f ) Data N
A a
Data discovery exploitation
Collect and : o Make
Organize Integrate Analyze Visualize .
annotate decisions
Create an Enable access || Identity syntax || Establish a Analyze integ-  (|Present analytic || Determine what
inventory to sources and || structure, and common data rated data. results to a actions (if any) to
of data sources ||set up access- || semantics for representation decision maker || take on the basis
and the meta- || control rules. each data of the data. as an interactive || of the interreted
data that source. Maintain data application that || resutt.
describe them. provenance. supports explora-
tion and
refinement.
Passengerld  Survived Pclass Name Sex Age | SibSp Parch Ticket Fare Cabin Embarked
1 0 3 Braund, Mr. Owen Harris male 22 1 0 A/521171 725 S
2 1 1 Cumings, Mrs. John Bradley (Florence Briggs Thayen female 38 1 0 PC 17599 71.2833 | C85 C
3 1 3 Heikkinen, Miss. Laina female 26 [u] 0 STON/DZ.3101282 7.925 S
4 1 1 Futrelle, Mrs. Jacques Heath (Lily May Peel) female 35 1 0 113803 53.1 C123 5
5 [u] 3 Allen, Mr. William Henry male 35 [u] 0 373450 805 S
[} [u] 3 Moran, Mr. James male [u] 0 330877 84583 Q
7 Q 1 McCarthy, Mr. Timothy ] male 54 Q 0 17463 51.8625 E46 5
8 [u] 3 Palsson, Master. Gosta Leonard male 2 3 1 349909 21075 S
9 1 3 Johnson, Mrs. Oscar W (Elisabeth Vilhelmina Berg) female 27 [u] 2 347742 11.1333 S
10 1 2 Nasser, Mrs. Nicholas (Adele Achem) female 14 1 0 237736 30.0708 C
11 1 3 Sandstrom, Miss. Marguerite Rut female 4 1 1 PP9549 167 o} S
12 1 1 Bonnell, Miss. Elizabeth female 58 0 0 113783 26.55 c103 S
13 Q 3 Saundercock, Mr. William Henry male 20 4] 0 AS5 2151 8.05 S
14 [u] 3 Andersson, Mr. Anders Johan male 39 1 5 347082 31.275 S
15 0 3 Westrom, Miss. Hulda Amanda Adolfina female 14 0 0 3504086 7.8542 S



Survival distribution: 1 = survived Survival by Age: 1 = survived Class dist. of the passengers
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ubuntu@ip-172-31-12-225:~$ nvidia-smi
Wed Sep 27 00:58:45 2017

| NVIDIA-SMI 384.81 Driver Version: 384.81
[ = mmm e e o do-ececmcecacccacaaaaas +

Persistence-M| Bus-Id Disp.A | Volatile Uncorr. ECC |
Temp Perf Puwr: Usage/Capl Memory-Usage | GPU-Util Compute M.

Tesla K80 of f | 00000A00:00:1E.0 Off |
PO 59W / 149W | OMiB / 11439MiB | 70%

| Processes:
PID Type Process name

ubuntu@ip-172-31-12-225:~$ |}
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[ Execute Subgraph
Worker ]
| GPUO GPUT  GPU2  CPUO
Client: construct graph Master: execute operations

(based on your code)

x= tf.placeholder(tf.float32,[None,784])
w = tf.Variable(tf.zeros([784,15]))

b = tf.Variable(tf,zeros([15]))

(based on TensorFlow's code)

return executed result

4
el

* >

sess.run(train_step,feed_dict={x:batch_xs, y_:batch_ys})

client master







Numpy

TensorFlow

a =np.zeros((2,2)); b = np.ones((2,2))

a = tf.zeros((2,2)), b = tf.ones((2,2))

np.sum(b, axis=1)

tf.reduce_sum(a,reduction_indices=[1])

a.shape

np.reshape(a, (1,4))

a.get_shape()

tf.reshape(a, (1,4))

b*5+1

np.dot(a,b)

b*5+1

tf.matmul(a, b)

ale,e], a[:,2], afe,:]

a[e,e], a[:,0], a[e,:]

TensorBoard EVENTS

IMAGES  GRAPH

HISTOGRAMS

input new regex ‘ ' xentropy

Split On Underscores: "

X Type:
Selected Runs:
4 da

1}

0.000 4000 5000 1.200k 1.600k
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TensorBoard

Fit to screen
¥  Download PNG

Run
()

Session
runs (o)

Choose File

_»

Color @ structure

(O Device

Upload

Trace inputs

-

Main Graph

11 GradientDe....

: GradientDe._.

init

[

a5 18 i

SCALARS

LinearReqr... | -

gradients

LinearRegr... -

IMAGES AUDIO

Auxiliary Nodes

GRAPHS



Chapter 04: Putting Data in Place Supervised
Learning for Predictive Analytics

Machine Learning

e

Classification

- naive bayes

- SWVM

- Random Decision Forest

Clustering
- K-means

Dimensionality reduction
- Principle Component

Regression Analysis Brute Force
- Linear - 3VD
- Logistic

. oy o

AN

Markov decision process

Approximate dynamic
programming

'

[} -

Apply to model

Validation Set

-
-

3

=  New Data



Fandango’s Lopsided Ratings Curve
Ratings for 209 films that played in theaters in 2015 and received
30+ reviews
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Learning algorithm in TensorFlow

session

placeholders

variables (6)

constants run minimizer op

graph

TensorFlow keeps
’ updating 6 to \
minimize cost
= 2p o
.,.—.
Training Feature
data vector
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Titanic Survival prediction using SVM with TensorFlow
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(2]
0
J8 22
52%

adm_data$SRank_of_col>=25

adm_data$Grad_Rec_Exam <730

0
68 .32
100%

adm_data§Grad_Per < 3.4

adm_data$SRank_of col>=2.5

adm_data$Rank_of col >=1.5

0

56 44
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Chapter 05: Clustering Your Data Unsupervised
Learning for Predictive Analytics

- Cleaning Feature Clustering algorithm > b

\._J selection, B design and o e

\-é . extraction selection ™ A i
—

Feature engineering Hyperparameter
Data samples tuning Clusters of data points

Results Clustering validation
- . .
interpretation

Knowledge, pattern etc.

Estimated number of cluster: 3




Optional and advanced

-+
|  Price|LotSize|waterfront| Age|Landvalue|NewConstruct|Centralair|FuelType|HeatType|SewerType|LivingArea|PctCollege|Bedrooms|Fireplaces|Bathrooms |rooms |

+
13258@.8 @.89 @.8| 42.8| 508008.0 B.2 a.e 3.8 4.8 2.8 985.8 35.8 2.8 1.8 1.8| 5.8
181115.8 8.92 @.8| 8.8 223@8.9 a.e 8.0 2.8 3.8 2.8 1953.8 51.8 3.a 8.8 2.5 6.8
109668.8 @.19 @.8|133.8 7308.8 2.9 e.e 2.8 3.8 3.8 1944.8 51.8 4.9 1.8 1.8| 8.8
155862.9 @.41 @.8| 13.8| 187e8.9 2.8 @.e 2.8 2.8 2.8 1944.9 51.8 3.8 1.8 1.5 5.8
86868.8 @.11 @.8| e.8| 158@8.8 1.8 1.8 2.8 2.8 3.8 B48.8 51.8 2.8 e.e 1.8| 3.8
12p08a.8 @.68 @.e| 31.e| 14800.9 a.e a.e 2.8 2.8 2.8 1152.8 22.8 4.8 1.8 1.8| 8.8
15366@.8 a.4 @.8| 33.8| 23388.8 a.a 8.8 4.8 3.8 2.8 2752.8 51.8 4.8 1.8 1.5 8.8
170662.9 1.21 @.8| 23.8| 14600.9 2.9 @.e 4.8 2.8 2.8 1662.8 35.8 4.9 1.8 1.5 9.8
08808, @.83 @.8| 36.8| 22200.8 2.2 e.e 3.8 4.8 2.8 1632.8 51.8 3.8 e.e 1.5 8.8
12296@.8 1.94 @.8| 4.8] 21288.8 B.2 a.e .8 2.8 1.8 1416.8 44.8 3.8 e.e 1.5 6.8
325080.8 2.29 @.e|123.8| 12600.8 a.e a.e 4.8 2.8 2.8 2894.8 51.8 7.8 a.e 1.8| 12.8
126660.8 8.92 @.8| 1.8 223@88.8 a.a 8.8 2.8 2.8 2.8 1624.8 51.8 3.8 8.8 2.8| 6.8
85860@.0 8.97 @.8| 13.e 4300.8 2.9 @.e 3.8 4.9 2.8 784.0 41.8 2.8 e.e 1.8 4.8
97808.8 @.11 @.8|153.8 3188.8 2.2 e.e 2.8 3.8 3.8 1383.8 57.8 3.8 e.e 2.8| 5.8
127@6@.8 2.14 @.8| 9.8 3e0.8 B.2 a.e 4.8 2.8 2.8 13g@.8 41.8 3.8 e.e 1.5 8.8
89908.8 a.e @.8| 83.0 2500.8 a.e 8.0 2.8 3.8 3.8 936.8 57.8 3.a 8.8 1.8| 4.8
15566@.8 @.13 @.8| 9.8 300.8 2.9 e.e 4.8 2.8 2.8 1388.9 41.8 3.8 @.e 1.5 7.8
25375@.9 2.8 @.8| @.8| 493@8.9 2.8 1.8 2.8 2.8 1.8 2816.9 71.8 4.8 1.8 2.5| 12.8
GeBRe. 8 @.21 @.8| 82.8 85088.8 B.2 e.e 4.8 3.8 2.8 924.8 35.8 2.8 e.e 1.8| B.8

@.88 @.e| 17.e| 194@0.8 a.e a.e 4.8 2.8 2.8 1892.8 35.8 3.8 a.e 1.8| ©6.8

only showing top 2@ rows
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Chapter 06: Predictive Analytics Pipelines for NLP
Workflow or Pipeline

3

Loo\diﬂv}_g) Da&a

Cleansing Data

Preprocessing . ng(:a

Fecoture Extroction

r..l.......-l

Training Model

e _l*kf*;__ ==

= Evolaaote 'Moicig.lf 7

Standard
Transfomer

IV\Pu.E Data Ou.l:Fu.k Data

Tmusfgr'm ”

In Fut Col 4
Oubput Col




Estimator
Transfomer

Inlou.& Daka OuEPuE Data

Fik > Transform

Hod R
.
b

-
Oul'FuS Col

Ihpu& Text Sentence

Text

l Maybe i should qet some coffee before starting




Space delimited Tokenizer

Text

l Mut;,bc { should qet some coffee before starting

Tokenizer

[maybe, {, should, qgel, some, cotfee, before, :L'arl-i.ur)__‘

Stop word removal
Texkt
l \\u\;b( i should ek some cobtfee before starting

Tokewnizer

[maybe, §, should, get, some, cotfee, before, starting]

S!:op Word Removal

l :,'V"*‘j!'(- qelt, coffee, starting ]




NG ramwms wibth N =

Text

l Maybe L should et zome coffee before starting

TJokenizer

{_w‘o-;b‘-, i, should, get, some, cottee, betore, :l‘u’anfJ:’
Stop Word Remowval

[mavbe, qek, cottee, -:{‘arl’i»\r\.;
l 7

NG roams

l 'eruwjbc qel, qet coffee, coffee storting]
D Hey Daniel, D

Thanks again for the talk at yesterdays
meetup. | think I've found an answer to
the wanted to share...

Dear Dr Pape,

My client is looking for a Java developer.
Are you ready for the next challenge?
Call me: +49(0)40XXK-X0XHXK-XX Vs

Yours,

Yours faithfully, XYZ

XYZ

SPAM HAM



ham|Go until jurong p...
ham|Ok lar... Joking ...
span|Free entry in 2 a...
ham|U dun say so earl...
ham|Nah I don't think...
spam|FreeMsg Hey there...
ham|Even my brother 1i...
ham|As per your reque...
spam|WINNER!! As a val...
spam|Had your mobile 1...
han|I'm gonna be home...
span|SIX chances to wi...
spam|URGENT! You have ...

baal?lic bacae ccaaa L
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TF-1IDF Fealures

Text

Maube i should qet some coffee before starting

Tokewnizer

o

Stop Word Removal

l [mavbe, get, coffes, startling]
v :

TF-IDF Feaobtures
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[maybe, §, should, qet, some, cotfes, betore,

startivng j




Cross entropy loss

o
o

1.4

1.2

-
(=

o
0

0.4

0.2

Cross entropy loss per iteration

Training loss
Test loss

2000

4000

lteration

6000

8000

10000



Cross entropy loss

1.0

e
o

e
o)

e
N

0.2

Cross entropy loss per iteration

— Training loss |
i == Test |loss ]
" 2
-
'-
" -°
i . o i
-
F ]
o"
--’

| 0. |

."
LY

2000 4000 6000 8000 10000

lteration



0.9

0.8

0.7

Accuracy
o
h

e
w

0.4

0.3

0.2

Accuracy on the train and test set

== Accuracy on the test set

— Accuracy on the training set

2000

4000 6000 8000
Generation

10000



0.94 . .
0.92 | \ f .
0.90 ;
- 0.88 | .
J
o
3
[
< 0.86 .
]
' e
[ “ -
0.84 ] |
oh,
*TrNay 4
0.82 ‘."l O"lt -’ 4 - o |
' — Accuracy on the training set |,
== Accuracy on the test set
080 1 1 | |
0 2000 4000 6000 8000

Accuracy on the train and test set

Generation

10000



Input texts Projection Output Input texts Projection Output

Wit)

CBOW .
Skip-gram

Input layer Hidden layer Output layer

17 24 1

23 5 7
[0ooflo] x |4 6 13 = (012 19]

10 12 19
118 25



Cross entropy loss per iteration

0.73 . ;
— Training loss
== Test loss
0.72 .
v
[7y]
o
2 0.71 .
[a]
5
c
Q
7]
%]
o
UD?O_ |- [ X MLYELICR N L m o - - .
0.69 | .
0 2000 4000 6000 8000 10000

lteration



0.56 Accuracy on the train and test set

0.54

0.52

L

Accuracy
o
o
o

0.48 -

0.46 - 1
—— Accuracy on the training set

== Accuracy on the test set

0.44 ' ' ' '
0 2000 4000 6000 8000 10000

Generation



Chapter 07: Using Deep Neural Networks for
Predictive Analytics

Cell body
Axon Telodendria

Nucleus

Axon hillock Synaptic terminals

Golgi apparatus
Endoplasmic
reticulum

Mitochondrion Dendrite

| 5 Dendritic branches



Output: h (x)= step(wT.x)

C]l—\ Step function: step(z)

Y Weighted sum: z = WT.X
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(a)stander Neural Net (b) After applying dropout
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Cross entropy loss per iteration
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Chapter 08: Using Convolutional Neural Networks
for Predictive Analytics
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CMNN validation loss
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CNN training accuracy
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Chapter 09: Using Recurrent Neural Networks for
Predictive Analytics
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Dataset title
Last updated

Last updated by
source

Provider
Provider source
Source URL
Units

Dataset metrics
Time granularity
Time range
Language
License

License summary

Description

International airline passengers: monthly totals in thousands. Jan 49 — Dec 60
1 Feb 2014, 19:52
20 Jun 2012

Time Series Data Library

Box & Jenkins (1976)
http://datamarket.com/data/list/?qg=provider:tsdl
Thousands of passengers

144 fact values in 1 timeseries.

Month

Jan 1949 — Dec 1960

English

Default open license

This data release is licensed as follows: You may copy and redistribute the data. You may make
derivative works from the data. You may use the data for commercial purposes. You may not sublicense
the data when redistributing it. You may not redistribute the data under a different license. Source
attribution on any use of this data: Must refer source.

Transport and tourism, Source: Box & Jenkins (1976), in file: data/airpass, Description: International
airline passengers: monthly totals in thousands. Jan 49 — Dec 60

800

700

1949 1950

1951 1952 1953 1854 1955 1958 1957 1958 1959 1960
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Chapter 10: Recommendation Systems for
Predictive Analytics

Factorization Machines Based Recommendation (i.e. using FM, AFM, NFM)

Model Based Recommendation (i.e. using LDA, SVD)

StrongeSt Social, Interest and Graph Based Recommendation (i.e. Facebook, LinkedIn)

Collaborative Filtering (i.e. ltem-item similarity)
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Clusters of similar movies using K-means
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Chapter 11: Using Reinforcement Learning for
Predictive Analytics
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agent’s current state
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actions: a,, a,
rewards:r(s,a)
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Multi-armed Bandit
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Contextual Bandit

Full RL Problem

Symbol Last Price Change % Change

BAC 24.21 -0.41 -1.67%

Bank of America Corporation

AMD 13.92 0.39 2.88%

Advanced Micro Devices, Inc.

JNS 14.17 -0.08 -0.56%

Janus Capital Group, Inc.

S 8.55 0.35 4.27%

Sprint Corporation

F 11.68 0.08 0.69%
Ford Motor Company
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