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Machine Learning

Foundations
An Introduction to your Al Jour

Sumudu Tennakoon, PhD

Provide comprehensive understanding of
the core principles of Machine Learning
with hands-on training on applying
machine learning to solve real-world

problems.
Course
Ob'ective A learner who completes this course
J should be able to define a machine

learning problem, understand the solution
path, and display the ability to carry out
the end-to-end process of building a
machine learning application.
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Machine Learning
Career Prospectus

* Data Scientist

* Al Scientist

* ML/AI Engineer
* Data Engineer
* Data Analyst

Al/ML Developer
* loT Developer

* Solutions Architect
* Freelancer

© 2021 Sumudu Tennakos

Duration: 60 hours

Schedule: 3-month program/12 weeks, two
sessions per week.

SChed § | e Format: Live/Recorded Lectures,
Demonstrations, Hands-on Exercises/Labs.
and Format

Evaluation: Quizzes (2), Project (1)

Additional Practice: Students must spend extra
time on exercises and the capstone project.

© 2021 Sumudu Tennakoon
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Prerequisites

* Basics of computer programming, mathematics, and statistics.

* Basic knowledge in computer applications:
* Spreadsheet
* word processor
* presentation authoring

© 2021 Sumudu Tennakoon

5
Programing Language: Python 3 will be used as the
primary programming language in teaching, practice
P | atfo rm examples and assignments.
Python Libraries: Scikit-learn, TensorFlow, Pandas, NumPy,
a n d Matplotlib, Seaborn, Flask.
D ata fo r Applications/Tools: Jupyter Notebook/Lab, IDE (Spyder/VS
Code/Atom/PyCharm), Spreadsheet (MS Excel/LibreOffice
Hands-on Calo)
. Data: Data for exercises, case studies, and projects will be
Exe rC | Ses obtained from open data repositories.
an d P rOJ e Ct Computing Environment: Cloud platform (will be decided
on class consensus and service availability) or locally
installed Python distribution in student’s PC.
© 2021 Sumudu Tennakoon
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. Training
Tt I\l
opic Name Week #
Introduction to Machine Learning (ML), History, and 1
Applications
2 | Setting up a Computing Environment, Python and Required 2
Libraries.
. 3 | Knowledge Foundations to ML (Computing, Statistics, and 2-3
Session Mathematics) *
4 | Exploratory Data Analysis (EDA) and Feature Engineering * 4-5
TO p I CS 5| Supervised and Unsupervised Learning (concepts) 6
6 | Machine Learning Algorithms * 6-7
7 | Explaining ML Models and Predictions (introduction) * 7
8 | Deep Learning and Neural Networks (introduction) * 8
9 | Design and Develop and Deploy ML Solutions * 9-10
10 | Capstone Project * 11-12
© 2021 Sumudu Tennakoon
7
Topic# %
* Completion Requirement: Quiz1 (Basic Concepts) 1-6 20
* 80 % Attendance (at least 19 out of 24 Quiz 2 (Advanced Concepts, Deep
i . S e 79 20
sessions) Learning and Application Building)
* Final Grade >70% Deliverable and Project Report 10| 50
Presentation (video narration) 10 10
* Completion with Distinction: ot
* Final Grade >90 %
© 2021 Sumudu Tennakoon
8
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Introduction to
Machine Learning

History and core concepts of ML to navigate the
future lessons.

Applications of ML.

© 2021 Sumudu Tennakoon
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Example: Identify Objects

What facts you consider to identify these object?

1

<

\P>
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\V%
X

Pineapple

Apple
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* Memorize Facts
* Declarative Knowledge
* Limited by memory and time to observe

How we
* Infer (deduce new information from previously
I_e arn ? known facts)

* Imperative Knowledge

* Limited by accuracy of predictions and drifts
(present is not behaving the same way as past)

© 2021 Sumudu Tennakoon
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Select Apples
-DO
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May be apple... ?
Help me

2021 Sumudu Tennakoon

15

What are the Observations/Measurements
can be used to make a determination.

Design a simple classifier logic.

Is it easy tor difficult to converting this logic to

Exe C | Se a computer program (code)?

What are the considerations when converting
this logic to a computer program (code)?

What are the points of failures in this
approach?

© 2021 Sumudu Tennakoon
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What is Machine Learning ?

¢ Learn from Data

DE| ]

Algorithms

“Teacher”

© 2021 Sumudu Tennakoon

17

Machine learning
model

“Machine learning models are built on
mathematical algorithms and are trained using
data and human expertise to help us accurately
predict outcomes based on input data such as

images, text, or language.”

https://developer.nvidia.com/ai-models

© 2021 Sumudu Tennakoon
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o [

Programmer

Rules —

Logic

Equations
Building Solution

Computer Program vs. Machine Learning

Traditional Programing

-

Algorithm
(Computer Code)

Algorithm =
(Computer Code)  Result/ Output

Data Scie

7T s — G

Machine Learning

ntist

Result/ Output

ML Model
ML Model (Prediction)

021 Sumudu Tennakoon
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What is
Machine
Learning?

“The field of study that gives computers
the ability to learn without being
explicitly programmed.”
~ Arthur Samuel (1959)

Author of first self-learning program to learn how to play
checkers by learning from experience (past movements and
results)

© 2021 Sumudu Tennakoon
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What is Machine Learning?

“ A computer program is said to learn from experience E with
respect to some class of tasks T and performance measure P,
if its performance at tasks in T, as measured by P, improves
with experience E.“

~ Tom Mitchell (1997)

Example: playing checkers.

* E =the experience of playing many games of checkers
* T =the task of playing checkers.
* P =the probability that the program will win the next game.

01 S T Mitchell, T. (1997). Machine Learning. McGraw Hill.

p. 2. ISBN 978-0-07-042807-2.

21

Al and Machine Learning

* Al (Mimic Cognitive Functions of * Machine Learning (ML)
Human) * Machines learn on Data/Prior
* Computer Vision Knowledge
* Speech Recognition and Synthesis * Statistical Modeling/Algorithms
* Language Processing and * Backbone of Al is Machine Learning
Understanding « Algorithms to Find meanings of data
* Motion * Find Relationships
* Decision Making « Making Predictions
* Prescribe or Predict « Problem-Solution Types
* Reasoning * Classification
* Regression
* Clustering

© 2021 Sumudu Tennakoon
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Machine Learning/Deep Learning/Al

Artificial Intelligence (Al)

Machine Learning (ML)

Classical ML Deep Learning

© 2021 Sumudu Tennakoo\q

\
\

Levels of Al

Artificial General Intelligence (AGI) known as “Strong Al”

* AGl is the ability to solve any problem rather than finding a solution to a particular problem.
* Machine can understand or learn any intellectual task that a human being can.

* The machine can think and perform tasks on its own, just like a human being.

* In the Movies! We are not there yet.

Ty Weak Artificial Intelligence (Weak Al),

* Implements a limited part of human cognitive abilities.
* Narrow Al is a special case of Weak Al focused on a specific problem or task.
* Currently, existing Al systems are likely operating as a narrow Al.

* devices cannot follow these tasks independently but are made to look intelligent (simulate
human behavior).

© 2021 Sumudu Tennakoon
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Building Blocks of an Al System

* Image recognition (computer vision)

» Signal processing (sound, sensor data feed, etc.)
* Speech Recognition (Speech to text/STT)

* Natural language processing (NLP)

* Visual Synthesis (Computer Graphics)

* Sound Synthesis (Text to Speech/TTS)

* Software/Algorithms

=
©2.020 Sumudu Tennakoon

* Applications (Anomaly Detection, Classification, Prediction, Pattern
Recognition)

EE®

* Memory (Storage, RAM, Cache) \“
« Processor (GPU, CPU, TPU) /
* Connectivity (Wi-Fi, Satellite, 5G, ethernet, etc.)

* Hardware (Computer, Mechanical Components, etc.)

Rrevtoed
">

© 2021 Sumudu Tennakoon
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Precursor to Machine Learning

Arithmometre (1887)

Pascal's calculator (1642)

https://en.wikipedia.org/wiki/Pascal%27s calculator
https://en.wikipedia.org/wiki/Arithmometer
https://en.wikipedia.org/wiki/Tabulating_machine
http://www.columbia.edu/cu/computinghistory/405.html

IBM 405 Alphabetical Accounting Machine (1934).

26
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1890: Tabulating machine
1642: Pascal's calculator 8 &punched card help
(Mechanical Adder) process data for the 1890
U.S. Census

(Incomplete) Timeline of Machine Learning

1943: Neural Nets

1949: The Organization of . 1957: Neural Networks for
Behavior,” introducing 1950: Turing Test by 195;. Pﬁ:’“g;":i ; ’;’g’a'" Computers by Frank
theories on the interaction S Computer Scientist Alan s ly checkers by Rosenblatt (perceptron
: Computer Scientist Arthur !
between neurons by Turing = designed for image
Donald Hebb recognition)

1956-59: FICO Credit Score o5 heitetmyMaching
Learning” by Computer

Bsdict s ) Scientist Arthur Samuel

1960: ELIZA Chatbot
Developed by MIT

1967: K-Nearest Neighbor 1970 Neural Network 1986: Restricted
Classification Algorithm Backpropagation and CNN A ron

1989: LeNet CNN by Yann

1986: RNN by Jordan LeCun et al.

1990: Boosting Algorithm B9 1997: SVM by Vapnik et al. supe;mmpmer beat Garry At et

1997: IBM’s
1995: Random Forest ST

asparov in ch

20 Ima; et databa:
with 14 million images ->
ImageNet Challenge

2011: IBM Watson
(Machine Learning +
al Language
Processing) beat human
players on Jeopardy

2014: Deep Face facial 2014~ Chatbot Eugene 6: Google's AlphaGo Al
Recognition System by Goostman passed the SRS defeated World Champion
Facebook Turing Test Go Player

27

Hype
Cycle for

Tech

Emerging

https://www.gartner.com/en/articles/the-

4-trends-that-prevail-on-the-gartner-hype-

cycle-for-ai-2021

Hype Cycle for Artificial Intelligence, 2021

Knowledge Graphs
SmartRobots— | Edge Al
Transformers Al Maker and Teaching Kits.

Deep Neural Network ASICs

Decision Intelligence

Al Cloud Services
~ Deep Learning

Data Labeling and Annotation Services
Natural Language Processing
Machine Learning

P

Expectations

Al TRISM

foincial e i | Semantic Search
Intelligence Chatbats |
Computer Vision
Peak of
Innovation Inflated Trough of Slope of Plateau of
Trigger D F
Time

Plateau will be reached:

) less than 2 years @ 2to5years @ 5to10years A mors than 10 years (®) obsalete before plateau Asof July 2021

gartner.com

i . - Gartner.

28
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WOIRLD
ECONOMIC
FOQRUM

N

Job landscape

By 2025, new jobs will emerge and others will be displaced by a shift in the

J O b L a n d S C a p e division of labour between humans and machines, affecting:

Decreasing job demand: o
o3 Growing job demand:

- ;
97 m|“|0n Data Entry Clerks 1. Data Analysts and Scientists

2. Administrative and Executive Secretaries
! 2. Al and Machine Learning Specialists

3. i i |
Accounting, Bookkeeping and Payroll Clerks 3. Big Data Specialists

4. A ntants and Al I
coountants-and Auditors 4. Digital Marketing and Strategy Specialists
-iresmeroniy andl Fairy Vorkans 5. Process Automation Specialists

6. in Vil nd Admini ion Manager ;
3. Business Senvices: and Administration Managers 6. Business Development Professionals

7. Client Information and Customer Service Workers -
7. Digital Transformation Specialists

8. General and Operations Managers 8. Information Security Analysts

9. Mechanics and Machinery Repairers 9. Software and Applications Developers

85 million 10 Mo B ano SHiclc enpig Chans 10. Internet of Things Specialists

Source: Future of Jobs Report 2020, World Economic Forum

29

What are Observations/Measurements
can be used to make a determination.

Design a simple classifier logic.

. Is it easy or difficult to converting this
Exe rcise logic to a computer program (code)?

What are the considerations when
% converting this logic to a code?
S What are the points of failure in this
(g approach?

>
V4

7

Q&

© 2021 Sumudu Tennakoon
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Input

(Features/Attributes)

Input and Output ?

Color red yellow

) Output
— Weight 50g 200 g
Diameter 10ecm 20 cm

Apple (A)

Pineapple (P)

31

y = f(X)

Independent Variables

{Color, Diameter, Weight}

© 2021 Sumudu Tennakoon

Dependent Variable

X = [x1,x2,x3,....] # » y

{Apple, Pineapple}

32

Sumudu Tennakoon
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Features/Attributes

E‘ —_— g
m Name, dQ g
Photo

NIC/SSN/NID ° ®

= Gender Y
q’a,‘\\\. / o

india

©202054

Contact Info.

9 — —

Location Language/Origin/Ethnicity

0\4/ \ »

Credit Score // \‘\‘ Mg-sanus
A,
an / \ N

Income ﬁ l o
- L .‘ ﬁght Fingerprint

Educati
Work/Job/Profession Heation Weight

https://pebrowardsainet/data-science-for-everyone-getting-to-know-your-data-part-1-bb8b6d7782b1

33
Column 1 Column 2 Column 3
Ta b u | a r ID Name DOB <+— Column Names
Row 1 10001 John Doe 1988-01-01
D a ta Row 2 | 10002 Jane Doe 1990-12-31 Row (Record)
Row 3
Column
(Data Field)
https://pebiowardsainet/data-science-for-everyone-getting-to-know-your-data-part-1-bb8b6d7782b1
34

Sumudu Tennakoon
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Understanding Data

=
£ ow i
= S
r h 1 g
Qualitative ... Quantitative Vg‘
(Categorical) 2° _ (Numerical) §
r 1 1 —— )
o] —
® Nominal TD Ordinal Binary M Discrete % Continuous
= )
Noinherent order Values with order Can only take two Expressed in whole Measured on a continuum
or ranking or ranking options numbers or scale. Can be subdivided
* Color + Performance * Accept/Reject * Pages in a book into fractions.
* Gender + Grade * Yes/No * Invoice Count + Weight
+ Country « Education Level = Pass/Fail « Wheels in a Vehicle + Length

+ Time

© 2021 Sumudu Tennakoon
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©2.02.0 Sumudin Tennakoon

StructuredData UnestructurediData Semisstrictured Data
(Relational Databases, Tables) (Random Emails, Social Media (JSON, XML, Files Labeled and
Posts, Text Messages, Videos, Organized to Folder structure,

Photos, Reviews) Emails organized into mail boxes)

© 2021 Sumudu Tennakoon

36
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Data Types

| oy T L
t L

2,3} | {(A,“8""C"..}  {True, False}

{0.001,3.1416,  {“Hello World"}
6.626x10%, ...}

Complex
Numbers

12,1435, ..}

Other

m Files

m 'mages

= Videos

o Sounds

Representation of
Nothing
* None
* NULL
* Void

Numeric Data
Representations
* Vectors

* Matrices

* Tensors

Collections (Mixed Types)
* Sets

* Lists

* Tables

* Dictionaries

Structure Representations
* Enumerators

*+ Structures

* Objects

Data Types and Representations

B2020 Samada Tennakoon

https://pebrowardsainet/data-science-for-everyone-getting-to-know-your-data-part-1-bb8b6d7782b1

37

Unsupervised

N
> |

2021 Sumudu Tennakoon

Machine Learning Approaches

38

Sumudu Tennakoon
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-

Environment

%’Vlerd
Interpreter
% (=

Action

Agent

© 2021 sumudu Tennhttps://en.wikipedia.org/wiki/Reinforcement_learning

39
Types of ML Algorithms
Regression Classification Clustering
Linear Tree Classifiers K-Means
Polynomial Logistic Regression
Support Vector Machines (SVM)
40

Sumudu Tennakoon
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Regression

model
A y=mx-+c
L m = slope
® ¢ = intercept
(xi, yi) °
()
% Pricefrom model ® ¢
Price (y) o (x,y)
[ ]
[ ()
Building with unknown price

b

Building area (x)

© 2021 Sumudu Tennakoon
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Classification

Glass Plastic Metal Compostable Paper

© 2021 Sumudu Tennakoon

42
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Clustering

in

wickets

Cluster 1

luster 2

Runs

© 2021 Sumudu Tennakoon
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Clustering

© 2021 Sumudu Tennakoon
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Recommender Systems

> 4/

recommend

© 2021 Sumudu Tennakoon

45
Low =1
_\"_ Medium =2
‘\ High =3
Cloud Cover
& ' ' YY)
Temperature .
25 ¢ Rain
Y/N
Humidity (V/N)
70 % (RH)
y = f)?
© 2021 Sumudu Tennakoon
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Steps of Building ML Model

Evaluate
Model
Performance

Acquire Data

Understand the
Problem and the
Requirements

Predict on Test

Design ML

Solution

Train Model

euEEEER,
* Ta,

&
&
]
Ll
]
]
L]
[
n
-
L]
.
.
.

“

Feedback and \’
Additional Data *e
(After deployment)

L]
‘a
.....lll TLLL
"t sEEEEEEEEEEEES

.
oy
"a =
" S ssssssssssEEssEEEsEEEEEEEEEEEEEERERE

.
-“‘

© 2021 -202 Sumudu Tennakoon.

Tune Model

Deploy Model
into
Application

Monitor

L4
....

*
*

‘Q
IllllllllIlIllIllllll.I
u

48
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Why we
need
Machine
Learning?

Simulate human intelligence

Automation

Help humans with informed decision
making

Solve multidimensional problems

Predict future outcome based on
historical observations

© 2021 Sumudu Tennakoon

49
Global Inf ion S Capacity ™7 2ws
obal Information Storage Capacity 15 uabyins
in optimally compressed bytes - Paper, film, audiotape andvinyl; 6%
- Analogvideotapes (VHS, etc): 94 % ANALOG
7| - Portable media, flash drives:2%
g - Portable hard disks: 2.4 % DIGITAL u

- CDs and minidisks: 6.8%
- Computer serversand mainframes:8.9 %
- Digital tape: 11.8 %

1986

ANALOG

I2.6exlhvtes - DVD/Blu-ray: 22.8 % C@

. DIGITAL

DIGITAL ’ STORAGE

0.02 exabytes

e N
-PCharddisks:425% Py
2002: 123 billion gigabytes @
“beginning
of the digital age”
50%
% digital' - Others: < 1 % {incl. chip cards, memory cards, floppy disks,
. i , PDAS, 5/
0, o, 0, 0,
1% 3% 25% 94 % DGTEAL
Source: Hilbert, M., & Lopez, P. (2011). The World's Technological Capacity to Store, Communicate, and 280 aiah‘tes
Compute Information. Science, 332(6025), 60 —65. http://www.martinhilbert.net/WorldinfoCapacity.html
Scholz, R.. “Sustainable Digital Environments: What Major
© 2021 Sumudu Tenn. I]oon . . ” . .
Challenges Is Humankind Facing?” Sustainability 8 (2016): 1-31.
50
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Growth of World Data

Volume of i created

Sources Addiional Information:

ide from 2010 to 2025 (in zelabytes)

1 0200 2021° 2022 2025 224" 2025

zetta 1 ZB = 102! B:

Annual volume of data and information created
worldwide Image: IDC; Seagate; Statista estimates

© 2021 Sumudu Tennakoon
© 2021-2022 Sumudu Tennakoon
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Machine
Learning
Applications

Spam Email Filtering

Approve or Reject Loan Application

Predicting Stock Price

Credit Card Fraud Detection

Recommending Items to Purchase
(Advertising)

© 2021 Sumudu Tennakoon

52
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Finance

Marketing

Information Technology

Cyber Security

App"CaUOH Agriculture

Government
AreaS Automobile

Manufacturing

Retail

Entertainment

Everywhere!

© 2021 Sumudu Tennakoon

53
Why should everyone
get familiar with ML?
E Applications of machine learning are
= allaround us.
L-m ML is used in many industries and
domains.
- .
(7, Jobopportunities.
g It is fun to learn and helps train your
brain.
© 2021 Sumudu Tennakoon
54
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Machine Learning
Career Prospectus

* Data Scientist

* Al Scientist

* ML/AI Engineer

* Data Engineer

* Data Analyst

* Al/ML Developer

* |oT Developer

* Solutions Architect

o €

w

© - SumUdu Tcnniko.

55

Setting up
Computing
Environment

Cloud Computing Platform
(Google Colab)

Python (Install, Libraries)

56

Sumudu Tennakoon
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Install Python in
Local Computer

* Python:
https://www.python.org/downloads/

* Anaconda Python:
https://www.anaconda.com/products/
individual

* Python: Libraries:
https://www.anaconda.com/open-
source

. °
jupyter g‘SciPy
h

[f bakeh

©2Numba pandas
B

DASK
TensorF

? PYTHRCH

HoloViews

© 2021 Sumudu Tennakoon

il

SPYDER Nﬁﬁle

matpl«tlib
CONDA

57

Python Libraries

* Data Handling
* Pandas
* Dask (distributed)

* Machine Learning
* Scikit-learn
* TensorFlow
* PyTorch
e Visualizing
* Matplotlib
* Seaborn
* Numerical and Scientific Computing
* SciPy
*  NumPy
* Machine Learning Model Interpretation
* LIME
* SHAP

e Web Services/API

\'*fSciPy

I NumPy "

i scikit-image

@, image processing in python
«’

1F TensorFlow

— Jupyter

¢

O

O

© 2021 Sumudu Tennakoon

ma t p ,{_f}:.

pillow

58
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* Using pip package manager for Python
* https://packaging.python.org/tutorials/installing-packages
* pip install some-package-name
* NumPy: pip install numpy
* Pandas: pip install pandas

| nSta | | * Scikit-Learn: pip install scikit-learn

* Matplotlib: pip install matplotlib

P yt h O n * Using Conda package manager

o o e https://docs.conda.io/projects/conda/en/latest/commands/install.html
LI b ra r I eS * conda install -c conda-forge some-package-name

* NumPy: conda install -c conda-forge numpy

* Pandas: conda install -c conda-forge pandas

* Scikit-Learn: conda install -c conda-forge scikit-learn
* Matplotlib: conda install -c conda-forge matplotlib

© 2021 Sumudu Tennakoon
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Jupiter
Notebook/Lab o
-
Jupyter
N’
60
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Google Colab

https://colab.research.google.com

© 2021 Sumudu Tennakoon
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Getting Started

* Creating New Notebook
* Opening Notebook from GitHub
* Opening Notebook from file

© 2021 Sumudu Tennakoon

62

Sumudu Tennakoon
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Creating New Notebook

€9 Welcome To Coleboratory - Cc X+

« Cc @ O B httpsi/c

€O Overview of Colaboratory Features

€O Markdown Guide

€O Chartsin Colaboratory

€O External data: Drive, Sheets, and Cloud Storage

€O Getting started with BigQuery

© 2021 Sumudu Tennakoon

New notebook

63

€O Untitled1ipynb - Colsboratary X |+ ® - o x
“— & O B nitpsy/eolab.research.google.com/drive, N ] & Iy =
‘:,:, B comment 2% share £% e
File nsert oois Help All changes saved
RAM 1 —
= + Code + Text v Disk = - 2 Editing A
veo B KXW
Q | T B I ¢ o WM E = = = O
¢ #This 1o e Tews 310 TEXt/Markdown Cell
- This is a Text Block
o i
¥ 1 1 #This 13 a Code Block  Code Cell
2 g =2
print(a)

2
=
= Click to run cell (execute the content)

Run cell (Ctrl+Enter)

cell has not been executed in this session or 8 %

Press [SHIFT] + [ENTER]
2021 Sumudu Tennakoon
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Open Notebook

€O Untitled.ipynb - Colsboratory %+ ® - o x
« =2 C @ Q a https://colab.research.google.com/drive/1ob3WBcgNonzDgSGIKARINXTLCOOg bcd R [ —
- & Untitledlipynb
L & 7y B comment 2% Share £ e
File Edit View Insert Runtime Tools Help Lastsaved at11:28 AM
; = RAM I ;
e 4 Locate in Drive v Disk N - # Editing A~
Open in playground mode m
veB/sEHE
9 New ne
Open notebook Cirl+
<>
Upload notebook
=R
Rename
Move
Move to trash
Bave a copy in Drive
Save a copy as a GitHub Gist
= Save a copy in GitHub
| S Ctri+s
e ’ © 2021 Sumudu Tennakoon b
Save and pin revision Ctr+M S ® X
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Open Notebook
from GitHub

€O Untitled.ipynb - Colaboratery X |+ @ - o &

« S5 C @ QO B hitpsi/jcolabiresearchgoagle:com/drive/1 ob3WBtgNonzDqSGIKAHRINX7LCOOG! T [

Enter a GitHub URL or search by organization or user |:| Include private repos

https://github.com/SumuduTennakoon/MLFoundations/blob/ Q
main/LectureNotebooks/1-PythonBasics.ipynb

No results
v

>

Cancel
© 2021 Sumudu Tennakoon
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€O Untitled1.ipynb - Colaboratory + @ - = 2

« 2> C @ Q8 httpsi//colab research.googlecom/drive/10b3WBcgNonzDoSGIKAHRINXTLCOO ] @ & N

Enter a GitHub URL or search by organization or user |:| Include private repos

ithub.com/SumuduTennakoon/MLFoundations/blob/main/LectureNotebooks/1-PythonBasics.ipynb Q
E——

Repository: [ Branch: [}
SumuduTennakoon/MLFoundations v main v

Path

) Lectu

| Open notebookin newt:
%
>

https://colab.research.google.com/github/SumuduTennakoon/MLFoundations/blob/main/LectureNotebooks/1-PythonBasics.ipynb

© 2021 Sumudu Tennakoon
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C @ O B httpsi/fcolab.research.goagle.com/github/SumuduTennakoon/MLFoundations/blol 1Y LA —
€ Untitleds.ipynb = shae: O e
File Edit View Insert Runtime Tools Help
+ Code + Text & Copy to Drive Connect - * Editin ~
‘= Table of contents X i d J
A A |
Q, Machine Learning Foundati
Python Basics Machine Learning Foundations

<

Varfables Sumudu Tennakoon, PhD
o Data Types

Lists

— ~ Python Basics

L In this notebook we will explore some basic fetures on Python programing language for th

Dictionary who have a prior programing expereince.
= Conditions To learn more about Python, refeer to the following websites

Functions

» Python : www.python.org %
B percisel Gz 5
® X
© 2021 Sumudu Tennakoon
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Upload Notebook (.ipynb file)

€2 Untitled1.ipynb - Colaboratory X -+ @

« =2 C @ T 8 https://calab.research.google.com/drive/1o0b3WBegNonzDgSGIKAHRINXTLCOOg or ® &

v
>

Cancel
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€O 1-PythonBasics.ipynb - Colabo: X | S - o x
&« (& 0 ] O & hztps:,’,'!::Iab.researc'r:.google.comftlrivx_ﬁ' Lo =
lIJ £ 1-PythonBasics.ipynb ¢ B comment &% Share £ e
File Edit View Insert Runtime Tools Help Lastsaved at 11:50 AM
+ Code + Text Connect = * Editin A~
= Table of contents X i -
i v o B /RN
0, Machine Learning Foundations
Python Basics Machine Learning Foundations
<> X
Vatiabies Sumudu Tennakoon, PhD
o Data Types
Lists
— ~ Python Basics
Sets In this notebook we will explore some basic fetures on Python programing language for th
Dictionary who have a prior programing expereince.
= Copdinialis To learn more about Python, refeer to the following websites
Functions
» Python : www.python.org
] Exercise 1 e >
© 2021 Sumudu Tennakoon
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GitHub Link to Lecture Notebooks

4

Folder: Python basics notebook:
https://github.com/sumudutennakoon/mlifound
ations/blob/main/lecturenotebooks/1-
pythonbasics.ipynb

https://github.com/sumudutennakoon/mlifound
ations/tree/main/lecturenotebooks

© 2021 Sumudu Tennakoon
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Data Representations

* In computing everything must convert into
numbers !
* Numeric Data Structures:
* Scalars: 3.14
e Vectors (1D): [1,2,3]
e Matrices (2D): [ [1,2], [3,4] ]
e Tensors (3D+): [ [ [1,2],[3,4]1,[5,6],(7,8]11]

© 2021 Sumudu Tennakoon

73

Why we need Vectors, Matrices and Tensors
in Machine Learning?

Bl Td
g
3
a
a
<
a 5
-] +
g Time
o
v
ant -
& T T
£ r
] -F i
> |=i= P -l Tim
T
L - -

signal=[0 -2 -4 -2 0 2 3 3 2 -1 -3]
time =1[0 1 2 3 456 7 8 9 10]

https://pebiowardsainet/data-science-for-everyone-getting-to-know-your-data-part-1-bb8b6d7782b1

74
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columns
i Column Vector
.
rows 4[2] 1 2 3
— 4 5 6
3l3x1 k:).\ [[1 2] [3 4]
1 rows x columns [5 6] [7 8llxe
Row Vector
1 2
1 2 3lixs 3 4l
Scalar Vector Matrix Tensor
* Temperature * Distance [x, y; z]
«  Mass « Velocity [Vx,Vy,Vz] What's a Tensor? - YouTube
e Speed © 2021 Sumudu Tennakoon
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Matrix Algebra

* Transpose

* Sum

* Diagonal

* Determinant
* Adjugate

* Inverse

© 2021 Sumudu Tennakoon
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Matrix Notation

* Matrix Notation

a1 Qg2 o Qp
o4 =|%1 a2 o Qon
aml amZ " amn mxn

* Representation of elements in python index numbers

Afojo]  A[oja] .. A[0][n — 1]
cA=| APl amn All][n - 1]
Alm —1][0] A[m —1][1] .. Alm —1][n —1]

© 2021 Sumudu Tennakoon
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Transpose, Sum, Diagonal
Columns (j) Eg.,
Rows (i) 4 1 é 3]
. _ . =14 6
A= 7 8 9
1 4 7
« AT=|2 5 8]
] 3 6 9
e Sum(A)=14+2+3+4+5+6+7+8+9=45
* Sum(4) = Xjjaij
* Diagonal(A) = [A11 Q22 GA33 Qa4 * Diagonal(A) =[1 5 9]
. Trace(A) =daq1 + a, + asz =+ QAyq * Trace(A) =14+5+9=15
© 2071 Sumudu Tennakoon
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Determinant

2 X

1 2
3 4

det (

+

T 3x

(e -

D=1X4—2><3=—2

2 Martix
|a b

c d =ad - bc

3 Martix

e )

N— —

()

1

d
g

S QT

det (

l

ef_df| |de|
h i| b|g il "lg n

[
\S]

vl

ol 1)

N
(o¢]
Nel

6 4 6 4 5|
9_2|7 9+3|7 gl =0

© 2021 Sumudu Tennakoon
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Inverse Matrix
o1 -1 4 a_la b
A7 = hadj(4) a=lo?
b
* |A| = |a =ad — bc
cATTA=AATT =1 4] c d
-2
o« A-1 _ 1 d —b
A= e [—c a]
https://en.wikipedia.org/wiki/Invertible matrix
© 2021 Sumudu Tennakoon https://en.wikipedia.org/wiki/Adjugate matrix
80

Sumudu Tennakoon

40



Machine Learning Foundations

Uploaded: 9/5/2021; Last Update:10/12/2022

Properties of Matrix

A+B=B+A4 (ATT)T=A 4= ?, Z
A+0=A4A (A+B)'=AT + BT -
AB # BA (AB)T= BTAT 8 9
4 7
A(BC) = (4B)C (aH=2 AT=|2 5 8]
A(B+C)=AB+AC ATA=AAT =1 6 9
(A+B)C=AC+BC
(AT)—1= (A—l)T
-1_ p-14-1
a(A+B)=aA+aB (AB)~'=B~"A
(a+B)A=aA+ (A 1
VA Tl
00A=0 _
A |4B| = |A]|B]
1 Sumudtr Tenmakoon
81
—
. 1 2 1 0 O
Square Matrix: A = [3 4 * Diagonal Matrixx: D =10 2 0
2x2 0 0 3
1 4 1 00
Symmetric Matrix: S = |4 2 * Identity Matrix: I =0 1 0
5 6 0 0 1
A 0 0 10
* Scalar Diagonal Matrix: D =10 A 0|=4|0 1 =AM
000 00 2 0 0
ZeroMatrix:0=10 0 0
0 0 O 1 4 5
e Upper Triangular matrix: U =0 2 6
1 0 0 3
. . 1 0 0
Unit Vector: X = |0 e Lower Triangular Matrix: L =4 2 0
'0 2021 Sumudu Tennakoon 5 6 3
82
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£=2" THE,
Matrix Operations and
Applications

» Addition/Subtraction

* Scalar Multiplication

* Matrix Multiplication (Dot Product)
* Matrix-Vector Multiplication

* Row operations

* Solving Linear Equations

* Linear transformations

)

* Decomposition

'U’

© 2021 Sumudu Tennakoon

eq=|a b .4.p=|a b|.[P 4

A_c d. AB__c d] [r s]

=[P 9] .A.Bz'a'p+br aq+bs]
r S| cp+dr cq+ds

© 2021 sumudu Tennakoon https://en.wikipedia.org/wiki/Matrix_multiplication

84
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Matrix Multiplication (Dot Product)

_ B _
m=3 n, :
n buofo.]
b, |Ibas _b2-?_
l\ _[? al.llali o
a,,la,;
A * B = C A $a;,]as, o
5x3 3y S x4 _—

© 2021 sumudu Tennakoon https://en.wikipedia.org/wiki/Matrix_multiplication
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“ J k- 4
» //r‘ g6 ¥4
1 74

343+ 4. ?"r“‘
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-

)

__’

Solving Linear Equations

Problem:

3x+2y =12 > (1) x =?
4x +5y =23 - (2) y:')
Solution Approach:
12 -2y 2
X = =4 ——
2
4(4—§y)+5y =23
8 - 7
16—§y+5y=16+ y=16 §y=23
3(23-16) 3(7) _
y= 27 = x=2
© 2021 Sumudu Te¥harodk — 5(3) =4-2=2 y =3
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X1 =X
X2 =Y

A=[3 2]=[a11 a12]
4 5 az1 Aazp

Formulating the Problem in Matrix Form

3x1+2x, =12 > (1)
4xq + 5x3 = 23 - (2)

Solve using Matrices:

[ o] = 55

2 -
e el 211 ==

X1
x =
X2
© 2021 Sumudu Tenndkoon

i o[- 2

87
Obtaining the Solution in Matrix Form
Example = 3 2
Ax =D ! [4 5
A 'Ax =A"b . [12
Ix=A"1b 23
X = A_lb A—l_%ad](‘q)
xl=z4_1b Al =3x5-4x2=7
i (IAlxad](A)> O
Tt | W B A R S
88
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Solving Linear Equations (General Form)
Ax=Db
_ m = number of linearly independent equations
I 11 Q12 © Gin [xll bl‘ n = number of unknowns (x;)
s b2
b m = n - unique solution
1 Gm2 B e S m < n - infintely many solutions
x=A"1h
X1 ain @z . A
[XZ‘ = ‘121 azz - ‘12m
Xnlnx1 Ani @nz - Aum nxm

© 2021 Sumudu Tennakoon

89

Sumudu Tennakoon

Linear p=[]
Transformations | ,-r[- [

[k 0]

* Stretching =—
& cos(8) —sin(6)][x
[sin(@) cos(@)”]

k 0
* Squeezing — 0 1/k]

cos(@) —sin(6)

* Rotation — )
counterclockwise Sln(B) Ccos (9)

© 2021 Sumudu Tennakoon
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Sets

* Basics of Set Theory

* Set Operators
* Union
* Intersection
* Complement
* Difference

91

* Asetis a collection of things (elements).

A={%,0,v,a}

B={x, -, +,—-}

C = {apple, orange, mango, banana }

D = {x|x satisfies some property}

N =1{1,2,3,4,..}is set of natural numbers
Z={..,—-3,-2,—1,0,1,2,3,4,..}is set of integers
e E={x|x€Z-2<x<10}

e ¢ ={ } isNullset

Ba S | CS Of SEt * Items belongs to a set (element of)

e veEA

Theory e

* appleeC

* Items not belongs to a set (not an element of)
e X¢A
e x¢&B
* stawberry &C
¢ Subset
e {o,v} CcA

. C
gzozl%umudu Tennakoon
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Venn Diagrams

© 2021 SumuduUrﬁ<Wersa| Set (A" animals)

93
Cardinality (size of the set)
A={%¢,v04}
4] = 4
B ={1,2,3,4,5,6}
|B| =6
© 2021 sumudu Tennakoon https://en.wikipedia.org/wiki/Cardinality
94
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Set Operations

AUB AN B

Union Intersection Complement

AAB

Difference Mutually Exclusive/

JRisioint) sets
95
A={x|x€Z1<x<10,x is an odd number}
B={x|x€Z1<x<10,x is an even number}
C={x|x€Z1<x<10,x is a prime number}
D={x|x€Z1<x<10}
U
96
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Cartesian product

*AXB#BXA

A

*AXB={(a,b)la€eAand b € B)

(_3,1) ; h L7<,>Lﬂ>
<12 3>p st N 1, |

@1) (x,2) (XQ

01 0n2) 1.3)

-AxB

@) (z,2) (2,3/)

© 2021 sumudu Tennakoon https://en.wikipedia.org/wiki/Cartesian_product

97
AUB
* Identity * Complement
« ANU=A c ANA' =9
« AUp =4 « AUA'=U
* Dominance Union .
. AND =0 . DoubIIeICompllment
« AUU=U ANB c (@A) =4
* |dempotence
*c ANA=A
« AUA=A
Intersection
© 2021 Sumudu Tennakoon
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Logic Gates

* Logical Statements

* Logical Operators
* AND
* OR
* NOT

99

Logical Statements and Binary Logic

* TRUE=1
* FALSE=0

* “5is an odd number” is TRUE

* “4is a prime number” is FALSE

* “Kandy is the Capital City of Sri Lanka” is FALSE
* "A triangle has three sides” is TRUE

© 2021 Sumudu Tennakoon
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Logic Gates
NOT AND OR
A — A
A 1A A&B AlB
B — B
Al . azB alsl |
1 0 1 1 1 1 1 1
0 1 1 0 0 1 0 1
0 1 0 0 1 1
0 O 0 0 0 0
A&B AlB ©2PAL Sumudu Tennakoon https://en.wikipedia.org/wiki/Boolean_algebra
101
Laws of Boolean Algebra
e AisaBoolean variable
o |d t. ~’ '+ Acan take either 1 0r 0 ° ASSOCiatiVity
&1=A * A& (B&C)=(A&B)&C

*A|0=A *Al(B|C)=(A]|B)|C

* AR&0=0 * ARB=B&A

cAll1=1 *A|B=B|A
* Idempotence * Distributivity

cA&A=A « A&(B|C)=(A&B)|(A&C)

*cA|lA=A *A|(B&C)=(A|B)&(A|C)

© 2021 Sumudu Tennakoon
102
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Laws of Boolean Algebra

« Complement * De Morgan's laws:
«A&IA=0 < IA& 1B= (A | B)
*AllA=1 « IA|!B=!(A&B)

* Double Negation
.« 1(1A) = A

© 2021 Sumudu Tennakoon

103

Exponents and Logarithms

Exponent Logarithmic
Representation representation

Base n n* =y log,y =x

Base 2 23=28 log, 8 =3

Base 10 103 = 1000 log;, 1000 = 3
Base e e®907755 ~ 1000 log, 1000 ~ 6.907755

log,(1000) = In(1000)

© 2021 Sumudu Tennakoon

104

Sumudu Tennakoon

Uploaded: 9/5/2021; Last Update:10/12/2022

52



Machine Learning Foundations Uploaded: 9/5/2021; Last Update:10/12/2022

Functions

*y=fX)
» Step Functions
.f(x)zl .f(x):{o,x<0
x 5 x, x =0

s f(x) =ag+ a1x + azx

* Logistic Function

L
* f(x) = ap + ayx; + azx; * fO) = ==

* f(x) =ap+ayx; + azx;

© 2021 Sumudu Tennakoon
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*Sp=2i1a;=a+ax + ..+ a,
* Example
e letg; =2(1-1)+1
d a1 == 1
cay=2+1=3
ca;=2%x2+1=5
ca,=2x3+1=7
* S, =14+34+5+7=16
© 2021 sumudu Tennakoolttps://en.wikipedia.org/wiki/Series_(mathematics)
106
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Sequence

¢ (ai)?=1 =lb’01 alﬁ aZ} ey an]

* Example
. leta; = i?
cq =1
ca,=2%2=4
ca;=3%2=9
caq,=42=16

(iHt,=1,4,9,16

© 2021 sumudu Tennakoolttps://en.wikipedia.org/wiki/Series_(mathematics)
107
Trigonometric Functions
* sin(x)
* cos(x)
s tan(x)
* Sound Signal:
* amplitude = sin(wt) = sin(2nft)
© 2021 Sumudu Tennakoon
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Take-home Exercise

* Mention one machine learning
problem (specify whether itis a
classification, regression or
clustering problem) and the training
approach you would take
(supervised or unsupervised).

* Your answer must be 240 characters
or fewer.

© 2021 Sumudu Tennakoon
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Probability and
Statistics
Concepts for
Machine
Learning

Probability
Statistical Distributions

Descriptive Statistics

110
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Probability Example
*Coin (single toss)
* Possible outcomes: {Head, Tail}
*Dice (single roll)
* Possible outcomes: {1, 2, 3, 4, 5, 6l}
112
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Term Definitions

* Experiment: A procedure that can be repeated and has a well-defined set of
possible outcomes.

* Random experiment: outcome is unknown before the experiment. Results
different outcomes when repeating the experiment in the same manner.

* Deterministic experiment: outcome may be predicted with certainty
beforehand. Has a definite outcome. Outcome is predictable.

* Sample Space (£2): Set of all possible outcomes or results of an experiment.
* Outcome: Possible result of an experiment. An element of ().

* Event: A set of selected outcomes of an experiment. Subset of the sample
space.
* Independent Event: probabilities of occurrence do not depend on one another

* Random Variable: A variable that can take different values of the sample
space (describes the outcomes of a random experiment).

© 2021 Sumudu Tennakoon

113

Probability

s Let O = {wq, Wy, ..., w, } be a sample space of an experiment.

* Let the event A c ()

* Probability (How likely the event A can occur) : P(A) = 14

|2
c0<PA) <1
* Random Variable (X):{w € QJu < X(w) < v}
* Cumulative Probability: ), P(X = x) =1

© 2021 Sumudu Tennakoon
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Probability Example

. Com (single toss)
Two possible outcomes
={H,T}
. IQ.I =2
- P(A={H}) =
- PA={T) =

1
2
l

. D|ce (single roII)

Six p055|ble outcomes Odd number: P(A) :g: % i
« 0 ={1,2345,6} 1Bl _1
. IQI _ @ Even number: P(B) = 0l =2
. P(A={1}) :% Prime number: P(C) = % =
- P(A={6}) = §
s P(A={135}) = (get odd number as outcome) P(AUC) = IAllel g g
lanci 2 1
P(ANC) = 1l =:=3
© 2021 Sumudu Tennakoon
115
P(AﬂB)
* Probability of A given B : P(A|B) = ,if P(B) # 0
* Example
» A =1{2,3,5}, prime numbers
* B ={1,3,5}, odd numbers
* If the outcome is an odd number, probability of that
Number being a prime.
1
. _P@NB) _3/ _2
P(A|B) = 2400 3/% =2
. lANBl _ B8 _2_1
P(AﬂB) ToQl  ){1.23456) 6 3
. _ 1Bl _ _f135} _3_1
P(B) = |Q| T 123456} 6 2
© 2021 Sumudu Tennakoon
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Conditional Probability:

Example

» A:Selected person is vaccinated
* B: Age of the selected person >= 30

* If a person with age >=30 is selected, probability that the
person is vaccinated?

popa)y=H1_5

Ql ~ 100
x+ P(ANB) =100 = = A
AP =g=10

. P(A|B)=%=%/%=§=o.9

90 %

© 2021 Sumudu Tennakoon

P(ANB)
P(A|B) = W
d | Vaccinated | Total
(NO)
Age 3 30 40 n

Ace 0
-

117

Bayes Rule

* Conditional Probability of A given B

« PAIB) = ZEER,if P(B) # 0 — (1)
* Commutativity in Set theory

* P(ANB) = P(BNA) — (2)

2)in(1

P(A|B) - P(B) — (3)

s/

Conditional Probability of B given A
* P(B|A) = — (4)

- 3)in (4)

oy P(A) %0

© 2021 Sumudu Tennakoon

https://en.wikipedia.org/wiki/Bayes%27_theorem
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Events John got a positive test result. What is probability
* I: Infected that John is infected.
* N: Notinfected
* Tp: Positive Test Result P(Tp|) - P(I) 0.98 x 0.04
P(|Tp) = = = 0.803
+ Ty: Negative Test Result {ITe) P(Tp) 0.0488
Measurements/Probabilities
. . 80 %
* Infected population ratio: P(I) = 0.04 = 4%
pnow'™ /¢ Positive Test Result if infected: P(Tp|l) = 0.98 = 98%
* Positive Test Result if not infected: P(Tp|N) = 0.01 = 1%
* A person get positive result regardless of the infection status: P(Tp)
* P(N)=1-P(D)
* P(Tp) = Xy ny PGP (Tplx)
* P(Tp) = P(DP(Tp|D) + P(N)P(Tp|N)
. P(TP) =0.04 X 0.98 4+ 0.96 X 0.01 = @.064.88muduTennakoon
119
Discrete Continuous
* Probability distribution of a random * Probability distribution of a random
variable that can take only a finite set variable that can take an infinite
of values. number of values.
* Probability mass function (PMF) * Probability density function (PDF)
* LxexP) =1 « [P(x)dx=1
o 202 sumedutenncieon https://en.wikipedia.org/wiki/Probability_distribution
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Combinatorics

* With repetitions: n*
* Combinations

* Order does not matter

* Can take with or without reptations

Combinati

. . . Lo n!
Without repetitions: Cy' = ey

. . . L rntx—1 . (mtx-=1)!
With repetitions: Cy = D!

© 2021 Sumudu Tennakoon

. Example
s Permutations ﬁgits
* Order matters - . §=10,1,2,3}
« Without repetition: P = —*— * n=|[S|=4
X (n—x)!

Pick 2 elements (digits at a time) without repetition.
X =2

ons Permutations

121

n!

Set of Digits
+ §={0,1,2,3,4,5,6,7,8,9}
* |S| =10

n

Pick 4 elements (digits at a time)

E.g.,

« A =1234

* B =2341

How many permutations can be made?

How many combinations can be made?

© 2021 Sumudu Tennakoon

Permutations and Combinations

T

n!

x)! C}Clzx! (n—x)!

122
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Statistics

123

Sample
AN

Pty Py L N ¥ )
VRIS @m
s & “.mqm.w.:’ \Qmﬂ/

Populatlon

i
-
-
—~——

Sampling :?ifff{-i.M'-.

___________________

©2.020 Sumudy Tevmakoon

2021 Sumudu Tennakoon

124

Sumudu Tennakoon



Machine Learning Foundations

Uploaded: 9/5/2021; Last Update:10/12/2022

Population
and Sample

P=AuUuBuUC(C
ScP

Population (P) i
Pl = N A& |

S=ANSYUBNSHUCNS)
|S| =n-= |AﬂS|+|BnS| ﬂ?zolcunmusntalﬁa-l'b‘kc

. Sample (S)

125

Sampling
Method
depends on

*Nature of population
*Regulatory Restrictions

*Resources available
*Time
* Money
* Data Collectors/Probes

© 2021 Sumudu Tennakoon
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Sampling

Unbiased: each element is
equally likely to be chosen

COnSiderationS Representative of the

Population

Minimize the Sampling
Error

© 2021 Sumudu Tennakoon
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Probabilistic
Sampling
Techniques

Simple Random Sampling

Stratified Sampling

Systematic sampling

Cluster Sampling

https://en.wikipedia.org/wiki/Sampling_(statistics)
ttps://en.wikipedia.org/wiki/Stratified_sampling

© 2021 Sumudu Tennako
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Machine Learning Foundations

Simple Random Sample

L

i

i

P4

ERARER

L

129

Stratified Sampling

{

IRER

1

}

130

65

Sumudu Tennakoon



Uploaded: 9/5/2021; Last Update:10/12/2022

Machine Learning Foundations

Cluster Sampling

wi| e

[aa] NI

i

i

D (E) F

f

C

e

131

Systematic sampling

132
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Non-
Probabilistic
Sampling
Techniques

© 2021 Sumu

du Te!

Convenience Sampling

Judgmental Sampling

Quota sampling

Snowball Sampling

https://en.wikipedia.org/wiki/Sampling_(statistics)
https://en.wikipedia.org/wiki/Stratified_sampling

133

Convenience Sampling
A|B|C|D|E|F|G]|H | J

LA A A R R e R AR

I Iy Zn L as

s N bt b8 t|1e )y L B8

AL IR AR AR D R AR AR

I s

134
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Snowball Sampling

ABCDEFGHlJ**w
1’ﬁ‘lT’ﬁ‘??'ﬂ‘?’ﬁ‘T*w*
AR ER AR N R RR AR AR RE NN b o9
R IEEE R AR EE N AR NE NE AT
NN nnEnnr
aNNNNNnnnNEn

© 2021 Sumudu Tennakoon
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Descriptive Statistics: Organizing and
summarizing data. Use data from the
population or sample.

Mean, Median, Mode, Range, Variance

Types of

Statistics Inferential Statistics: Use the sample data to
make an inference or draw the population’s
conclusion. It uses probability to find out the
confidence of the predictions we make.

Distributions, Regression, ...

© 2021 Sumudu Tennakoon
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Types of
Analytics

Descriptive: What do we have
now/ had

Diagnostic: Why it happened
(cause?)

Predictive: What can happen if
the conditions are set to

Prescriptive: Define rules/
constrains

© 2021 Sumudu Tennakoon

137

Descriptive
Statistics

Range

Mean

Median

Mode

Variance

Standard Deviation
Coefficient of Variation
Co-variance

Co-relation Coefficient

© 2021 Sumudu Tennakoon
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* Range
* Max Value - Min value
* Mean

n .
* Population Mean: yu = %

Ra nge, * Sample Mean:fz%

* Has influence of outliers

M ea n) * Weighted Mean (w;s are weights)
H . — _ L WiXi
Median and AT

* Geometric Mean:
Mode - = Y%
* Median:
* Mid value when ordered
* Removes influence of outliers
* Mode

* Value that occur most often
© 2021 Sumudu Tennakoon

139
* Variance
* How data spread around mean
N )2
Va rlance * Population: g2 =Zl=1(+”)
, . Sample : 52 — M
n-1
Sta n da rd * Standard Deviation (STD)
Deviation + Population i = [HerCio)”
and + Sample ;5 = [Hoati0?
Coeffl C| e nt * Coefficient of variance (CV)
* Also known as relative standard deviation
of variance (RsD) ,
* Population: CV = "
_S
* Sample: CV = <
© 2021 Sumudu Tennakoon
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¢ Co-variance:

<0,
« COV{=0,
>0,

¢ Check whether 2 variables moving together

n g — Py
. COV(X,y) — e (=D i=y)

n—1
if variables moving opposite direction
if independent variables
if variables moving together

¢ Co-relation Coefficient

* r<=0, ifindependent variables

. _ COV(xy)
S0 S)

e —-1<r<1

* r=1andr = —1: perfect corelation
<0, if negative corelation

Co-variance and Co-relation Coefficient

> 0, Lf pOSlter corelation © 2021 Sumudu Tennakoon
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A & "1)
Employee
Count
Central Value
>
50K 250 K -
120K Annual
Distributi
Istributions A o
Central value and —_
Count
Spread Central Value
N
Sk 250K -
120k Annual
Salary
A
Employee
Count
|ue
5
S0K 20K ,
=0k Annual
Salary
© 2021 Sumudu Tennakoon
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L\ Median
Employee
Count Mode
50K 120K 250K o coal
Salary
N Mean/Median/Mode
Employee
Count
Distributions —>
120K 250K poo
Salary
Skewness
A Median
Employee
Count ode
+
>
50 K 120K 250K pon )
Salary
https://en.wikipedia.org/wiki/Skewness
https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.skew.html
httgs?/ athwEAdWolfram.com/PearsonsSkewnessCoefficients.html

143
Standard Normal Distribution
* Standard Deviation (o) =1
* Mean (u) = 0 = Median = Mode
U
< ¥
g . 34.1%| 34.1%
s —0 —-20 —-1lo 0 lo 20 0
© 2021 sumudu Tennakoon e f fan . wikipedia.org/wiki/Probability _distribution
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Figure 6A.15: Distributional Choices
Is the data discrete or
continuous?
Piscrets Continuous
Can you estimate
outcormes and Is the data symmetric or
probabiliies? asymmetrric?
7 o
Yeb \No Symmetric Asymmetric
Is the data
) clustered around a it d?:;e pufen
Estimate 2
oo Is the data symmetric Seninl ke
distribution of aymmetric?
- F— Yes
Symmetric  Aysmmetric
= How likely
Are the values clustered Are the outliers Only = Mostly
around a central value? positive or No :::ﬁ:;, positive Mastly positive negative
negative? T
"\;‘*‘3 No\ On\}f +¥ More+ve More -ve No outfiers, Limits on data \a"éryI low Low ‘
x Uniform or i g Lognormal =
Uniform Negalive Hyoergeo i Logistic Exponential Minimum
Binomial % Geometric i % . Multi- Triangular Normal Gamma
Discrete Binomial metric oy Cauchy Weibal Extreme
,.||I||., [, ’J]"h LI'"II.J i M A ’A‘ L k J
fBnomal Discrsts Undesm O ool Neg Binomal Hyptmgacmetis Unoim Tiargula Nosmal Logite Exponennal Logrosmal
Min Extreme
© 2021 Sumudu Tennakoon N .
Image: Probabilistic approaches to risk by Aswath Damodaran
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Exploratory

Engineering

Analysis and Feature

Data

* Descriptive Statistics
* Univariate Analysis

* Multivariate Analysis

© 2021 SumuduTennhakoon
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* Range
* Max Value - Min value
* Mean

n .
* Population Mean: yu = %

Ra nge, * Sample Mean:fz%

* Has influence of outliers

M ea n) * Weighted Mean (w;s are weights)
H . — _ L WiXi
Median and AT

* Geometric Mean:
Mode - = Y%
* Median:
* Mid value when ordered
* Removes influence of outliers
* Mod

* Value that occur most often
© 2021 Sumudu Tennakoon
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* Variance
* How data spread around mean
N )2
Va rlance * Population: g2 =Zl=1(+”)
, . Sample : 52 — M
n-1
Sta n da rd * Standard Deviation (STD)
Deviation + Population i = [HerCio)”
and + Sample ;5 = [Hoati0?
Coeffl C| e nt * Coefficient of variance (CV)
* Also known as relative standard deviation
of variance (RsD) ,
* Population: CV = "
_S
* Sample: CV = <
© 2021 Sumudu Tennakoon
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Treat Missing Values

Data Pre- Treat Outliers
Processing

Scaling Variables

© 2021 Sumudu Tennakoon
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Treat Missing Values

* Drop
* Drop rows/columns with missing values >

* Impute
* Impute (replacing with value)
¢ Interpolate
« Descriptive statistics: Median, Mean, Mode
* Use machine learning model
* Derive using other column (e.g., gender by title, name)
* Replace with a dummy value (e.g., NA, N/A, null, -9999)
* Reuvisit
* Revisit data collection
* Request
¢ Request missing information from data provider

© 2021 Sumudu Tennakoon
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Treating Outliers

* Detecting Outliers
* Box Plot
* Percentiles

* Remove Outliers
* Drop rows/columns
* Replace outlier values
* Set cutoff value/clip (piecewise function)
* Convert to ranges

© 2021 Sumudu Tennakoon
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¢ Co-variance:
¢ Check whether 2 variables moving together
.« COV(xy) = Z?=1(Xin—_fi(y1'—37)
< 0, if variables moving opposite direction
« COV4=0, if independent variables
>0, if variables moving together

* Co-relation Coefficient

_ Covxy)
SG0SW)

e —-1<r<1

* r=1andr = —1: perfect corelation
<0, if negative corelation

* r<=0, ifindependent variables
>0, if positive corelation

© 2021 Sumudu Tennakoon

Co-variance and Co-relation Coefficient

152
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Correlation & Causation

Buy Ice-cream

I Correlation

Hot Weather % w
2

Get Sunburn

<

%3&\0(\

© 2021 Sumudu Tennakoon
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Univariate Analysis

* Single Variable

* Techniques
* Descriptive Statistics
* Frequency Table
* Count Plot/Bar plot (categorical)
* Histogram (numerical)
* Box Plot

© 2021 Sumudu Tennakoon
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Bivariate Analysis

* Two variables

* Techniques
* Cross tables (two-way tables)
* Scatter Plot
* Correlation coefficient
* Stacked plot
* Heatmaps
* Pair Plot
* Marginal Probability/Conditional Probability/Joint Probability
* Regression

© 2021 Sumudu Tennakoon
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Preparing Dataset for Machine Learning

* Dimensionality Reduction

* Feature Selection
* Select best features based on highest predictive power

* Feature Engineering
* Derive new features from existing features
* Transform features
* Combine multiple features (create interactions)

© 2021 Sumudu Tennakoon
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Dimensionality Reduction

Transform data from higher dimension space to lower dimension space (e.g., 4D
to 3D, 3D to 2D)

* Retains characteristics of original data.

Useful for

* visualization purpose

* Observe patterns more clearly
Methods

* Principle Component Analysis (PCA)

* Linear discriminant analysis (LDA)

* Kernel PCA

* Autoencoder

© 2021 Sumudu Tennakoon
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* Normalization (value between 0 and 1)
* Min-max
* Mean
 Standardization (scale based on standard normal distribution)
* Z-score
* Other Scaling Techniques
* Log transform
* Power transform
* Not necessary in Tree based models
© 2021 Sumudu Tennakoon
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Standard Normal Distribution

02 03 04

0.0 0.1

|

» Standard Deviation (¢) =1
* Mean (u) = 0 = Median = Mode

U
v

34.1%| 34.1%)

© 2021 Sumudu Tennakoon

https://en.wikipedia.org/wiki/Probability_distribution

159
* Numerical Variables -> Categorical Variables m-...--
* Categorical Variables 1 2 R g
* One hot encoding (1/0, create dummy variables) 2 8 010 O 0
* Mean Encoding (mean of each category) 3 ¢ SR 0
* Label Encoding (ordinal) 4 0 vpepe) e 0
» Target guided ordinal encoding (rank of mean) > ol R 1
Male Female Is_male? Gender_ME Gender TGOE
1 ™M 1 0 1 0.48 2
2 F 0 1 0 0.52 1
3 F 0 1 0 0.52 1
4 ™M 1 0 1 0.48 2
5 M 1 0 1 (92%§LSumuduTennakoonl
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Feature
Selection

* Based on Missing Values

* Remove features with high % or missing values (define a
threshold)

* Create new feature to indicate missingness (binary column)

* Based on Variance
* Remove features with zero variation
* Remove features with low variation (define a threshold)

* Based on correlation

* Analyze correlation between features (x variables) and those
with the target (y) variable

* Keep from a set of highly correlated variables

* Keep one having highest correlation coeffect with the
target (y) variable.

* Drop features with low correlation with the target (y)
¢ This could miss a useful feature, therefore use with cation

© 2021 Sumudu Tennakoon

161
* Forward Selection
 Start with best feature (feature with most predictive
power) to build model
* Evaluate the model performance
Fe at u re * Add next feature, build model and evaluate
* If the mode performance increase, keep feature if not,
S | t- drop
e ec Ion * Backward Elimination
¢ Start with all features, build model, evaluate
* Drop least useful feature in each iteration
© 2021 Sumudu Tennakoon
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Machine Learning
Algorithms

163

© 2021 Sumudu Tennakoon

Requirement?

Choosing Correct the Problem

Day of Is Holiday? Temperature Ralnfall Ice-creams
".\ The Week (© (mm) sold
y 1
: it 2

and Solution Approach

Features (X) A

235 I

ver \
50 Fri 1 29.8
728 Tue 1 16.0

A: Predict How many ice-creams sold in a given day (predict numeric value)
B: Predict whether or not > 100 ice-creams sold in a given day (predict binary value)
C: Predict the range of ice-creams sold in a given day (predict class)

2021 Sumudu Tennakoon
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Supervised and Unsupervised

Machine Learning

Supervised lear

ning

* ¥ = fxnx,.,Xn)

* X1,X,, ., Xp areindependent variables used to analyze the
dependent variable (y) and the relation between them.

Unsupervised Learning
* No dependent variable.

* Starts with a collection of variables (x1, x, _ x,) to find

out similarity between them and classify them into

clusters.

© 2021 Sumudu Tennakoon

Supervised
Machine
Learning

Regression

e Linear Regression
® Polynomial Regression
e Random Forest Regressor

Classification —

e Logistic Regression

e Decision Trees

® Random Forest Classifier

e Support Vector Machine (SVM)
e K-Nearest Neighbors (KNN)

© 2021 Sumudu Tennakoon
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Machine Learning

Supervised Machine Learning

-
S A
-— Data Scientist

Training Data _ =T~ Training )
O — == ML Model
At ode User

- ML Algorithm

Known Result/ & Data

Output/

Ground Truth
Building Solution

© 2021 Sumudu Tennakoon

ML Model

Result/ Output
(Prediction)

167
Types of ML Algorithms
Supervised Unsupervised
Iad g )
- L T4
Regression Classification Clustering
Linear Tree Classifiers K-Means
Polynomial Logistic Regression DBSCAN
K Support Vector Machines (SVM) /
© 2021 Sumudu Tennakoon
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Regression

© 2021 Sumudu Tennakoon

169
Regression Equations
* Linear Regression
y = ao + a1x1 + e + anxn
* Logistic Regression (for binary classification)
1
y= 1+e 2 14 e(@o+aix;++anxy)
zZ=ag+a;x; + -+ apxy,
* Polynomial Regression
Yy =ag+ a;x + azx? + -+ apx®
x1 =X
Xy = x?
Xp =x"
y = ao + a1x1 + -+ anxn
170
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f(X)

Features Model Prediction

X =[x1,x2,x3, .. #Q » y

Price € R
/\ut {Floor Area, Rooms, Bathrooms, X and

Rood Material, Location, . .
Price > 0

© 2021 Sumudu Tennakoon
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Linear Regression
- - o model
A y=mx-+c
® m = slope
(xisyi) ® c = intercept
xi, yi
% Priceffrom model ® ® ¢ ¢
Price (y) o ¥
[ ]
[ (]
Building with unknown price
Building area (x)
© 2021 Sumudu Tennakoon
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Linear Regression

count
M
weight

Model

Cylinder\

Model year

/1 N\ /
0 oY — OO
‘ \ horsepower

v g

acceleration R
displacement

18.0
17.0
22.0
15.0
19.5

17.2
18.0
21.6
13.5
19.0

Ln%_@ cylinders displacement horsepower weiyht acceleration * modelyear

coefficients

© 2021 Sumudu Tennakoon

intercept
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Classification

© 2021 Sumudu Tennakoon
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Classification

Compostable Paper

175

Predicting Fruit Class

Multi-class Classification Example:

Features

© 2021 Sumudu Tennakoon

Prediction

-

Fruit type is € {Apple, Pineapple, Strwberry}

176
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Application

Binary Classification Example: Loan

Features
X = [x1,x2,x3,....]

Age

Education Level

Marital Status

Job Classification

Salary

Outstanding Loan Count
Outstanding Loan Amount
Credit Score

Bank Account Balance

Loan Amount
Duration

© 2021 Sumudu Tennakoon

-

Descision € {Approve (1), Reject (0)}

Prediction

177
Logistic Regression 1
y= 1 + e k(aot+a12)
——vy (a0=0, al=-1) —y(a0=0,31=0.5) y (a0=1, al=1)
1 11
y = 1 + e—(a0+a1x1+-~~+anxn) 1.0 EEEEEEEEEEEEENR
0.9
0.8
00<y<10 "
0.6
* y =range/output ) os
0.4
* e = the natural logarithm base 03
> a, = intercept o
0.1
* aq,ay, ..., a, = coef fcients 00
-0.1
-8.0 -6.0 4.0 20 0.0 2.0 4.0 6.0 8.0
Z
© 2021 Sumudu Tennakoon
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Decision Tree Classifier

Sample

© 2021 Sumudu Tennakoon

179
Random Forest
Classifier
Prediction 1 Prediction 2 i Prediction i Prediction n
Average Predictions/
Majority Voting
Final Prediction
© 2021 Sumudu Tennakoon
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Multi-Class
Classification

Classification

I Regression

Binary Multi-class

Classifier 2

Classifier 3 |@ iQ

Train Binary model for each pair of

L JOX |
Class:flerl -

One vs. One One vs. All

| Classifier 1
Classifier 2
Classifier 3

classes
NN-1) /2 binary classifiers for N classes
Computationally Expensive

Good for imbalanced datasets

Used with kernel-based models

2021 Sumudu Tennakoon

Train Binary model for each class vs. rest

N binary classifiers for N classes

Used in Models Predict Probability (Logistic
Regression, Perceptron)

181
Choosing Correct the Problem
and Solution Approach
Binary Multi-class
Regression Classifier Classifier
Features (X) Target (v) Target (y) Target(y)
~
Day of Is Temperature | Rainfall | Ice-creams > 100 Ice-creams
The Holiday? (©) (mm) Sold Ice-creams Sold
Week Sold Range
1 Sun 23.5 No 50-100
© 2021 Sumudu Tennakoon
182

Sumudu Tennakoon

91



Machine Learning Foundations Uploaded: 9/5/2021; Last Update:10/12/2022

N
Unsupervised e
IVI a C h i n e am Dimensionality Reduction

e PCA
Le a r n i n g ¢ Autoencoder
I

2021 Sumudu Tennakoon
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Unsupervised Machine Learning

Machine Learning

Data Scientist

T iy G —_— G i

ML Model Result/ Output
ML Algorithm ML Model (Prediction)

© 2021 Sumudu Tennakoon
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Unsupervised learning

Group data points based on their
similarities

C I U Ste ri n g Considerations

¢ Representation of a cluster with more than one
data points.

¢ How we define the qualification for a datapoint
to be a member of a cluster (nearness)

¢ When to stop the data point assignments to
cluster

185

r Market and Customer Segmentation —‘

B

r Anomaly Detection / Outlier Detection —‘

A p p I I Cat | O n S r Medical Data Analysis (Imaging, Disease Control, etc.) —‘
L]

Of Cl u Ste rl n g r Data Labeling (Cluster and Label) —‘

Understand the subgroups exists in data —

e Number of groups

¢ Determine Group size

¢ Study group characteristics (aggregate values).
¢ Cohesion (togetherness) and separation

¢ Can those groups combine or further split?

© 2021 Sumudu Tennakoon
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Centroid Based Clustering

X2

» Step 1: Place K centroids in random
locations

* Step 2: Calculate the distance between ea
point to the centroid centers.

* Step 3: Find the nearest centroid to each
data point using the get min(distance) and
assign point to that centroid.

* Step 4: Calculate new center (mean of all
assigned points) for the centroid based on
the points.

* Loop: Repeat the Steps 2 -4 until converge

X1 (no points change cluster assignments)

© 2021 Sumudu Tennakoon
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Density Based Clusteri
Xy * Step 1: Select a random point previously unlabeled.
o © ® * Step 2: Count the number of other points (n) enclosed
o (density) in the defined region.
(@) @ o .. e Step 3:
[e) © e % o (o) * If n = 0 where the current point is the only point in the

region, mark the point as noise or outlier.

o 02 @ ‘o i k the poi i l

(@) Q o e Ifn< Nmin

ooo ' e '... . Icfrnc?u(tzlci)éi point is included in the region, mark the point as noise

OOOO (@) &O .. . I;Saat Eajrs(}ec:n;o(i)rmer core point is included in the region, mark it
1e) 00 (@) e Ifn > Ny, mark the %oint as core point and initiate a cluster
00_© (@) .. or assign the point to the current cluster.
(@} ©) .
@0 © * Step 4 (Loop):
..'. « Ifthe poinhis acore p%int Icur border point, go to Step 2
covering all points in the cluster.
@ « If the point is an outlier, go to Step 1
* Step 4 (Loop Break):
xl « If all possible points covered in the current cluster (no more
core points to be created), go to Step 1
© 2021 Sumudu Tennakoon
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Hierarchical Clustering

o o @ * Work well with data can be
o . O represented as heatmaps
%0 o * Dendrograms
........... ) °
Q (] o :)OOO L * Methods
. ® .' 0ee° © » Agglomerative (bottom up)

000 k * Divisive (top-down) b
.0, @
@ ~Q @

© 2021 Sumudu Tennakoon

2 clusters

3 clusters]

== 4 clusterg

Explaining ML Models
and Predictions
Explainable Al (XAl)

Sumudu Tennakoon
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Why do we need to
Explain Models and
their Predictions?

© 2021 Sumudu Tennakoon

191
* Global
* Overall understanding of how the model makes a
prediction.
* Feature Importance
* Local
* Understand how model makes a prediction for a given
observation.
* Positive and Negative contribution of x variables
(features) to the prediction.
* Scale of contribution could be very different from model
feature Importance
* What are the variables contributed the most.
© 2021 Sumudu Tennakoon
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Explainable
Al local
methods

Local interpretable model-
agnostic explanation (LIME)

Kernel Shapley additive
explanations (KernalSHAP)

Integrated gradients (1G)

Explainable explanations through
Al (XRAI)

© 2021 Sumudu Tennakoon
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Explainability

e Regression
e Decision Trees

= Models can be easily explained

= Models cannot be easily explained (Blackbox Models)

e Ensemble Models (e.g., Random Forest)
» Neural Network (e.g., CNN, RNN)

2021 Sumudu Tennakoon
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* We have approximately 86 billion neurons in our brain.
Input Aggregation
fxy,x5,%3) =b+ z wiX;
bl Axon wweminal
) T Py T
) XA . ) e, ;.
= \ \ , w3 . X ¢ @eoe Q:P
W m ggute 3 .(x )‘ o - _77_// e
A Outputs Bias (1) Output (y)
Myelin sheath Outpul poins = Synepsss o000 00® . .
- ‘ Myelinated axon trunk A.(‘[l‘l,’(([lml
Inputs L (1 if fe,x2,%3) >0
Ingut points = synapsas y= lo iff(xq,%,%3) <0
https.//en.wikipedia.org/wiki/Neuron
© 2021 Sumudu Tennakoon
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Activation
functions

Input 1 (x,)
eooee  w

input 2 (.
esee

x,) w2
e’.@

Sigmoid 1 Leaky ReLU m

o) = s max(0.1z, z)

tanh Maxout

tanh(z) " o max(wl'z + by, wl T + bo)

ReLU J ELU J
0 T =0

max( 4 $) . . {oz(e“E -1) 2<0 - ~ o

FOy, %9, %) FGer,x2, 00, %)

© 2021 Sumudu Tennakoon
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Summation

Inputs

Logistic Regression as Perceptron

1
f(xleZ! ---;Xn) - 1 + e-BFWixg++wpxy)

1.0 EEEE I)!_;_._._I

p- ri/ |
00 § B BB EEEERR
-80 6.0 40 20 0.0 2.0 4.0 6.0 20

z= agt+ayx;+-+apx,

Activation Output

© 2021 Sumudu Tennakoon
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Input Hidden Output
Layer Layer Layer
9
https://en.wikipedia.org/wiki/Artificial_neural_network
© 2021 Sumudu Tennakoon
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Hidden
b1
age
Hours per week
Education level
© 2021 Sumudu Tennakoon
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I Traditional ML vs. Deep Learning
E
I
e
0!

deer

* Feature Engineering Workload

* Model Training Recourses
* Amount of Training Data Required

* Solving Complex Problems

© 2021 Sumudu Tennakoon
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Convolutional Neural Network

Image

5 W 15 ™ B

Greyscale

202
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(Convolutio
Pooling)

Convolutional Neural Network

Feature Extraction

n+

2021 Sumudu Tennakoon

Classification

-

%

Predicted Label

203
Convolutional Neural Network
Feature Extraction
(Convolution + Classification »
Pooling) Predicted Label
A I
1 r i
1
1
1
1
i
e :
i
1
1
1
1
* Flattening !
2021 Sumudu Tennakoon
204

Sumudu Tennakoon

102



Machine Learning Foundations

Uploaded: 9/5/2021; Last Update:10/12/2022

)

1111001
o[1[1]0]1]1 e - BEE ‘
O InE Convolution =1 PR Pooling P
C N N ofof[1]1]1]0 > 3(2[4]4 > 3
11011 1]A1 2| 2 |58
0jo|1]j0f1]1
Convolve with a 3x3 Max pool with a 2x2 filter
kernel and stride 1 and stride 2
© 2021 Sumudu Tennakoon
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A ~ Very high learning rate
Learning o
[ : ) )
g Low learning rate S M
- — \y
Rate :
-High learning rate
\\\' ~ - .
il ione o S Good Ivmn[w{g]htb
Epoch # 9%
© 2021 Sumudu Tennakoon =
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Regularization

Yy =w121 +wexg + ... +wyzy + b

Loss = Error(y, 1)

Loss function with no regularisation

N
Loss = Error(y,§) + A Z |w;|
i=1

Less function with L1 regularisation

N
Loss = Error(y,9) + A Z w?
i=1

Loss function with L2 regularisation

© 2021 Sumudu Tennakoon

A mostly complete chart of
omwwe  Neural Networks [......o.
Input Cell ©2016 Fjodor van Veen - asimovinstitute.org
A Noisy Input Cell
@ Hidden Cell
© Probablistic Hidden Cell
@ spiking Hidden Cell
@ outputcelt
TN TN e
@ watchinput Output Cell XXX BB SRR
. SIS
X
@ Recurrent Cell
@ wemory ceul
@ oifferent Memory Cell
Kernel
© Convolution or Pool
Markov Chain (MC)  Hopfield Netwo BOlFzmann Machine (BM) Restricted BM (RBM) Deep Belief Network (DBN)
. Q
Q @ Lo
Ve YN e YN e
% % AKX
@ P 90, 9 80 B
o ; W\
©
© 2021 Sumudu Tennakoon
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=S
XK
54

Y,
e
SEREAX

Y
R
Vv
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Building End to
End Machine
Leaning

Applications

© 2021 Sumudu Tennakoon
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Steps of Building ML Model

Evaluate
Model
Performance

Understand the
Problem and the
Requirements

Acquire Data

Predict on Test

..0 ..0
S
.« ! l
: L]
. : . L
: . Design ML :
. ) &n Train Model
X . Solution
. *
. 0..

Ly eyl
........IllIIIIIIIIIIIIIIIII--------
© 2021 -202 Sumudu Tennakoon

Feedback and %
Additional Data e,
(After deployment)

.
y
LIS
TSN EsEsEssssEmEmEEEEEE

Tune Model

Deploy Model
into
Application

*
smmmsmEEEERS

211
Design, Develop and Deploy ML Solutions
Designing Creating Data Building Model Saving Model Creating Deploying
Solution Pipelines o T, e g, and Data Inference Model
Tune Pipeline Pipeline
© 2021 Sumudu Tennakoon
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ML Solution
Parts to Build _

Data Pre-Processing

Pipeline

Machine Learning Model Building Pipeline

Machine Learning Model

Prediction (Scoring)

Module

Post Processing Pipeline

Interface to accept User Input

Interface to Return Prediction to User

2021 Sumudu Tennakoon

Input Module

* Web form Interface
* API
* Ul Application

Post-processing
Pipeline

* Transform Prediction

Output Module

e Return result to user
interface

Pre-processing
Pipeline

 Feature Transformations
® Column Selection

Scoring Module

* Model Prediction

213
- Atgributes
= hyperparameters Functions
. . - n_threads e train()
P | p e | | n e S T *  predict_probability(X)
5 ML Models
| ."' . Algorithm /
T /rrain/Test Train
S 5
@ 1 l.‘E. Evaluation
Model He<@® . Test \ P
ini N = iy
Training Extracted Pre EEH _ -@)- » 1 » =2
Pipeline Data -processing \ =" Ble@ =%
Prediction/Score Post
-processing J
Selected Model|
Inference - a--a\
Pipeline * % » .q—* » f\
¢
User / Output
a Input
2021 Sumudu Tennakoon
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w

Deployment

* Standalone Application

* Virtual Machines (VM)
* Containerized application
¢ Docker
(https://www.ibm.com/cloud/learn/d
ocker )

¢ Kubernetes
(https://www.ibm.com/cloud/learn/K
ubernetes )

* Locally hosted Web API
* Cloud API

© 2021 Sumudu Tennakos

Introduction to Azure ML
Platform for Machine
Learning Workflow
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Learning Models

© 2021 Sumudu Tennakoon

Evaluating Machine

217
Total
I nfected
Not Infected n
Total “--
© 2021 Sumudu Tennakoon
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Confusion Matrix: Terms

* condition positive (P)
* the number of real positive cases in the data

* condition negative (N)
* the number of real negative cases in the data

* true positive (TP)
* true negative (TN)
* false positive (FP)

* false negative (FN)

© 2021 Sumudu Tennakoon

Total population
=P+N

Positive (P)

Negative (N)

Actual condition

Prevalence
JETM
PR
Accuracy (ACC)
_TP+TN
PN

Balanced accuracy
(BA) = TERZTHR

Confusion Matrix

Predicted condition

Positive (PP)

True positive (TP),
hit

False positive (FP),
type | error, false alarm,
overestimation

Positive predictive value (PPV),

precision
=fE=1-FOR
False discovery rate (FDR)
=EE=1-ppv
Fy score

1
= 2PPVxTPR _ 2TP
T PPV=IFR ~ ZTP=FP+ FN

Sources: [13]14][15T1G117I1B1191[20] view-szik- st
Negative (PN) Informedness, bookmaker informedness (BM) Prevalence threshold (PT)
g ~TPR 4+ TNR -1 _ {TPRXFPR - FPR
False negative (FN), True posiive rate (TPR), recall, sensitivity False negative rate (FNR),
type Il error, miss, (SEN), probabiity of detection, hit rate, power miss rate
underestimation ==1-mR =B=q1-teR
False positive rate (FPR), True negative rate (TNR),
True negative (TN), v . -
L rejection probabiiity of false alarm, fall-out specificity (SPC), selectivity
correct rejes _FP_ TN
=EP-1-TR =M=1-Frr
False omission rate e . o
(FOR) Positive likelihood ratio (LR+) Negative likelihood ratio (LR-)
ZEN_ . =
=fi=1-npv
Negative predictive value IMarkedness (MK}, deltaP (Ap)
e RS e e Diagnostic odds ratio (DOR) = LR
(NPV) = i =1 -FOR = PPV +NPY -1
Matthews correlation coefficient (MCC) Threat score (TS), critical success
Fowlkes—tallows index pulehit ol e it =
= ¥TPRXTNRxPPVNPV - index (CSt), Jaccard index
(FM) = VPPVXTFR S Ehhido Al I ™
FNRxFPR<FORXFDR ==t

© 2021 Sumudu Tennakoon https://en.wikipedia.org/wiki/Confusion_matrix
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Evaluating
Classification
Models

Accuracy (ACC):
TP+ TN
P+ N

Precision: Positive Predictive Value (PPV)
TP

TP + FP

Recall: Sensitivity/Hit rate/True Positive Rate (TPR)
TP
P

F1 score:
><PPV><TPR_ 2XTP
PPV +TPR 2xXTP+TN+FP +FN

© 2021 Sumudu Tennakoon
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Visual
Methods

Receiver operating

- characteristic(ROC) curve

- Precision Recall Curve

Sample Mean vs.
Predicted Mean

© 2021 Sumudu Tennakoon
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(ROC) curve

Receiver operating characteristic

Precision Recall Curve

True Positive Rate
(Recall)

Positive Predictive
Value
(Precision)

False Positive Rate
(Fall out)

© 2021 Sumudu Tennakoon

True Positive Rate

(Recall)

223
.
Sample Mean vs. Predicted Mean
Quantile Mean Bucket Response Bucket Response Bucket
Probability Count Count Fraction Fraction Precision
Model Charateristics
ResponseFraction ~ Marker size

50.0 1 0.0027 659 4 0.101 0.0026 0.0061

ib .,f‘“' > BS 2 0.008 646 5 0.0992 0.0032 0.0077
g l ne 3 0.0181 649 13 0.0996 0.0083 0.02

é’ 06 & bo g 4 0.0376 651 23 0.1 0.0147 0.0353
g _f, 50 E 5 0.0801 652 57 0.1 0.0365 0.0874
Los = ¥ 6 0.152 651 o 0.1 0.0602 0.144

§ ol e 7 0.252 651 191 0.1 0.122 0.293

S0z " 8 0385 651 253 0.1 0.162 0.389

- o 9 0.561 651 381 0.1 0.244 0.585

o 02 04 06 08 o0 10 0.8 652 540 0.1 0.346 0.828

MeanProbability (Predicted)
DataSet 0.23 6513 1561 1 1 0.24
© 2021 Sumudu Tennakoon
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Evaluating
Regression
Models

© 2021 Sumudu Tennakoon

Mean Absolute Error (MAE):

Mean Squared Error (MSE):

N
1 52
MSE = ﬁZ()’i—}’i)
=1
Root Mean Squared Error (RMSE):
RMSE =

Coefficient of Determination (R-squared):

RMSE =1

L
MAE = sz—f’d

i=1

N

1 5.2

NZ(}’L' -9
=1

I 0 - 9?
10— 9)?

225
5 @ \ * Bias: deviation from the actual value due to the
\;/ L= model’s simplistic assumptions in fitting the data.
- il * High bias: model is unable to capture the
/ - % patterns in the data and this results in
4 ( @ / under-fitting.
o /-" * Variance: deviation from the actual value due to
o the complex model trying to fit the data.
™
* High variance: model passes through most
Fig 2O deal st tien o bl i of the data points, and it results in over-
fitting the data.
© 2021 Sumudu Tennakoon
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Overfitting and
Underfitting

Underfitting

Just right Overfitting
X2

X2

Regression

X2

X2

Classification

© 01 Sumudu Ten

rekoon

X1

X1

227

Bias-Variance
Tradeoff

* |deal Case for a machine learning
model :

¢ |low variance and low bias.

* Reality
* Bias-Variance trade-off

data.

Error

* Find the model that performs well

Underfitting [
A H

Y

Optimum Model Complexit

Variance

on both the train and unseen(test)

Model Complexity

© 2021 Sumudu Tennakoon
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Observations

Known

Training Dataset

A

Train-Test Split

* No Training data should be used for
Testing/Evaluating and vise versa.

* Keep Training and Testing Datasets
Sperate or properly labeled in the
same dataset.

* Do train test split once and use the
same two datasets over model

Result/ Output % tuning process.
(Actual/ * Use random Sampling
\ Ground Truth) /
Testing/Evaluating * Commonly used Train to Test ratio is
Dataset 70:30
© 2021 Sumudu Tennakoon
229
e e e |f required to use of all data in the
k=5 Training Process
* E.g., small number of observations
available.
* K-Fold Cross validation
* Split Dataset into K number of Samples
* Create K number of configurations
holding one out of K sample as the
Testing Sample
* Train Models using K folds and average
results
© 2021 Sumudu Tennakoon
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Hyperparameter

Grid Search Random Search
TU n I n g M‘w Model accuracy
I
| ‘@&ee
= 1 = |
@ [}
+ I = !
g | g . : - .,
5 - o .
3 &
g g ¢
a a o
£ E
= [=
= ¢ L D )
Important parameter Important parameter

(a) (b)

© 2021 sumudu TennaPilario, Karl Ezra & Cao, Yi & Shafiee, Mahmood. (2020

231

* Majority Class Minority Class

* Examples
* Fraud Detection.

¢ Churn Prediction.
Class Imbalance ; chmpredcon
* Ways to treat Imbalance
* Collect More Data
Major * (Re)Sampling

Minor class Class * Stratified sample
* Over Sampling (multiple copies of some of the minority

classes
n e SMOTE: Synthetic Minority Over-sampling Technique.
* Under Sampling (Randomly remove samples from the
majority class)
n * Data Augmentation (Generate Synthetic Data)
n * Using proper evaluation metric
* Precision, Recall, F1 Score, AUC (ROC)
* Do not use accuracy !

* Split Larger Class into sub classes.
* Use Ensemble Models

https://arxiv.org/abs/1106.1813
© 2021 Sumudu Tﬁnnakoo

ttpss//link.springer.com/article/10.1007/5s13748-016-0094-0
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