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Announcements

* IMPORTANT: All assignments/projects will
need to be in Python.

e Tutorial on Python, Pandas, Jupyter notebook,
Plotting tools. Bring your laptops.

* Ask questions.



Lecture Outline

ML Workflow

Data Representations
Basic Data Transformations
Data Visualization



Machine Learning

LEARNING -

ALGORITHMS A el

Algorithmic methods that use data to improve their knowledge of a task

Task: Detect spam email WC:-M || D221 Labelled emails
S — (in inboxes of other

users as well !)

| If you find a legitimate email
in the Spam folder, select it

L]

Asthema Inhaler Alert
Find the ride for you

& click on "Not Spam"® button.

Spam {MQH) Singlesnet JJAN.2009 |
Sawabh Trivedi AR el g
Weight Loss Tea We¥i Tea m:woml As soen on CNN. NOC

‘sale’ appears

‘sale’ appears
less than twice,

nore than twice
Good Emails Bad Emails

Knowledge:
‘money’ appedrs money’ appears
less than 3 tifmes ore than 3 times

Improve = 85% reduction of spam

emailsin Inbox over 3 months Algorithmic method: Decision Tree



Workflow of a Machine Learning Problem

Define
Objective

Detect spam email

Predict value of a stock

Predict effect of advertising on sales

Drive car ‘safely’ without human intervention
Translate text from one language to another
Sentiment Analysis



Workflow of a Machine Learning Problem




No Data, no ML

Without data you're just another

person with an opinion.

”In God we trust, all others

must bring data.
W. Edwards Deming

"

W. EDWARDS DEMING:




Sources of data

Business Email Sample

To: "Anna Jones" <annajones@buzzle.com.>

- Detect spam email S

Subject: Welcome to our Hive!

Dear Anna,
Gmot - o sebjec) sz zsee
" Welcome to our Hive!
GM a | I It is a pleasure to welcome you to the team of_ . We are excited to
e have you join our team, and we hope that you will enjoy Working with our Company.
(no subject)
On the last Saturday of each month we hold a special staff party to welcome any new
LC Johnson <cgeonfidential@gmail com> Tue, Mar 12, 2013 at 9:39 AM employses.tzllrease b:e sur‘zhto :ornej n[extdWeek to meet all of czutrh Tenlor ?ﬂ and a{y
To: naom other new staff members who have joinet s month. You wil
receive an e-mail regarding the same with further details.
Hi Naomi,
.
Hope this email finds you welll It's LC from Colored Girl Confidential GM ai I “ If you have any questions during your training period, please do ot hesitate to contact
I won't take up too much of your time as I'm sure you're busy with the epic 73% off sale on lttyBiz. (I'm 2 me. You can reach me at my email address or on my office line at 0O0-0001.
currently deciding between How to Launch The **** Out of an Ebook and the How Not to Screw Up
Bundlel) Anyway, I'm emailing because | was reading through some of your older blog posts and Gmail ~ m & Preview Send Labels ~
it occurred to me that you might appreciate my recently launched manifesta: The Red Lipstick Warm regards,
Manifesta Ji
lames
1 consider it one of the most important things that I've ever created and very much inspired by your COMPOSE
constant reminders that successful women don't just blindly follow the rules. They are rebels, From Salvador Faria <salvador. mrf@gmail.com> ¥
challenging the assumptions of what everyone thinks is possible, chasing down their ‘unrealistic”
dreams, and eventually creating lives and careers they lovel Inbox To *Salvador Faria® <salvador.mrf@gmail.com>, Jackie Brown, Manager, Staft
If you have a few minutes | hope you'll check it out. Let me know what you think and have a great Starred Jamesbrown@abcd.com
week! Sent Mall Add Cc Add Bec Tel: 000-0001
Muhiowe; :Ia:;s , Subject  lorem ipsum
Lc a
Attach a file Insert: Invitation Canned responses v
Spam =~
= Trash '
LC Johnson B 7 U T-7T-A-T-@ Booi= Check Spelling

Founding Editor, Colored Girl Confidential
Latest Post: The Red Lipstick Manifesta
Lorem ipsum dolor sit amet, sit nostro utamur qualisque ne, no tantas electram

Check us out at wiww.cokoredgirkonfidential.com. est. Per legimus judicabit eu, ei has

e condEtion e MRS e e Viderer luvaret vis eu, mel legimus vivendo ad. Eum no atqui nullam, harum solet
pericula quo te. facer ludus partem an nec. Ex lus habeo mnesarchum, ne nisl
augue sadipscing vis, sumo doming patriogue nec at

lus nisl menandri ut, eos magna equidem perpetua ad. Qui saperet mediocrem te,
ad ridens Inimicus necessitatibus lus. Postea vivendo ex vix, mel el justo persecut!
voluptatibus, an mei graece tincidunt. Ea eleifend intellegat pri. Cum eruditi
partiendo in.

Page ot




Sources of data

- Predict value of a stock




Sources of data

- Predict effect of advertising on sales

Pagelaedt  Formuim  Dita  Revew  View

PO PR OO B EAR ki 3 T Y Eaess
4 -
B3 A AR e[S [ nsten fome o T 13 o
Fot Mgt Mo (m o
C 0 E 3 6 H 1 j) K L » N 0

Vs ;/
WIS
Weekly Sales Analysis Page 1 4 V4

Merchandise with Lottery/Lotto

Raw Data may not
alwaysbe digitalin

nature !

]
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Sources of data

- Drive car safely without human intervention
GPs,802.11p___ |

On-Board Unit, emaps

ultrasonic sensors RADAR

Data can be multi-modal and may

need to be ‘synchronized’




Sources of data
- Translate text from one language to another

A human domain expert
may be required to obtain
raw data




Two fundamental questions

e What data to collect ?
e How to collect ?



Raw data

* May be too little in quantity

WE’VE DECIDED
To TAKE BIG
DATA To THE

NEXT LEVEL...

HUMONGOUS
DATA




Raw data

* May be too much in quantity
— Limitations on system end (compute, storage)



Raw data

* Not all of it relevant

.- C | £ https://api.mailgun.net

{

Received: "by luna.mailgun.net with HTTP; Fri, 26 Feb 2016 20:12:03 +8000",
stripped-signature: ",
Message-Id: "<20160226281203.54979.26875@mailgun.com=",
from: "Sample Email =me@mailgun.com=",
sender: "me@mailgun.com”,
recipients: "anton@mailgunhg.com",
Subject: "Test Message",
Content-Transfer-Encoding: "7bit",
attachments: [ ],
To: "anton@mailgunhg.com”,
istripped-html: "<p=Testing some Mailgun awesomness!</p=",|
content-id-map: { },
stripped-text: "Testing some Mailgun awesomness!"”,
From: "Sample Email =me@mailgun.com=",

+ message-headers: [..],
Mime-Version: "1.08",
Content-Type: "text/plain; charset="ascii"",
body-plain: "Testing some Mailgun awesomness!™,
subject: "Test Message"”




Raw data

e Often not directly usable

— Filter (needed data)
— Transform (to numerical data)

- C | https://api.mailgun.net

Received: "by luna.mailgun.net with HTTP; Fri, 26 Feb 2016 20:12:03 +0000",
stripped-signature: ""
Message-Id: "<20160226201203.54979.26875@mailgun.com=",
from: "Sample Email <me@mailgun.com=",
sender: "me@mailgun.com”,
recipients: "anton@mailgunhg.com",
Subject: "Test Message",
Content-Transfer-Enceding: "7bit",
attachments: [ 1,
To: "anton@mailgunhg.com”,
istripped-html: "<p>Testing some Mailgun awesomness!</p>",
content-id-map: { },
stripped-text: "Testing some Mailgun awesomness!",
From: "Sample Email <me@mailgun.com=",
+ message-headers: [.],
Mime-Version: "1.08",
Content-Type: "text/plain; charset="ascii
body-plain: "Testing some Mailgun awesomness!”,
subject: "Test Message”




Two fundamental questions

e What data to collect ?
* How (much) to collect ?



The Research Method

Phases in the Research Process

Develop
res earch question

!

Define the target population

¥

Collect d ata

Define the sample population

Ll

¥

Select a sampling design

Conduct analysis

¥

iy

Increased understanding of process

Develop and test
the data collection methods

Report findings

+

http://labs.geog.uvic.ca/geog226/frLab3.html

Collect the data



http://labs.geog.uvic.ca/geog226/frLab3.html

The Research Method

SAMPLING

THEORETICAL STUDY i

POPULATION POPULATION



The Research Method

Draw sample from population

Population I

T \

Make inference about population
from sample data




Are our samples ‘nice’ ?

ARE YOU SURE
THE DATA YOU GAVE
ME IS CORRECT?

Dilbert.com DilbertCartoonist@gmail.com

I'VE BEEN GIVING YOU
INCORRECT DATA FOR

TIME YOU'VE ASKED.

C

YEARS. THIS IS THE FIRST

5-7-14 ©2014 Scott Adams, Inc./Dist. by Unwersal Uchick

WHAT?

I SAID
THE DATA
IS TOTALLY
ACCURATE.

i i
IHAVE THE ABILITY |3|  THAT 15 why 5| who
TO QUANTIFY THE |} THEY CALL ME il caus
UNQUANTIFIABLE. i DOGBERT THE g YOU CIeHT
; QUANTIFIER, £
| : | THAT? PEOPLE.
I'.,_ E ﬁ | I|,
N p) s il ¢ \ )
& 5 " -
— { = & .
J! A r['%fril ‘;’ *|__Hui Fh




Sampling Techniques

Sampling
Probability Non-probability
I Iﬁ I
Simple Systematic Stratified Cluster Quota Purposive Volunteer Haphazard
Simple Systematic Stratified (random) Quota Snowball Self Convenience
random random random Cluster selection
; Extreme Homogeneous | Typical case
'n. ‘.~ . s case purposive purposive
‘e *e. . : purposive
..... LS ulti-stage

Heterogeneous Critical case Theoretical
purposive purposive

https://research-methodology.net/sampling-in-primary-data-collection/



https://research-methodology.net/sampling-in-primary-data-collection/

Workflow of a Machine Learning Problem




Taxonomy of data variables

Data Type

Counts, Measurements ‘l J Attributes, Labels

Juantitative TQualitative

‘*‘ 4 ‘- Data Information &c;:“ \‘ -

4444 s AR
28, 4 .

2

Trees [ IBIue, Red, and YeIIowPirds



Taxonomy of data

Cata Type

I

Juantitative

Attributes, Labels

TQualitative

b

Binary

MNominal

Crdinal

©e

Preference




Taxonomy of data

:

Color

Cata Type
l Attributes, Labels
Quantitative Qualitative
L'
Binary Mominal Crdinal
STRARI D >
INDIA POST
REVA TVS & 8 iy ot @ - Pin Code
AMNW
& .25 & 456001
TATA PrREmIER s Regié)nbin indi
Make Soni:g;;gt:?cr;

Pin COde Post office



Cata Type

I

Juantitative

How comfortable are you with Python *

No knowledge

xs| s m|

Oualitative

il

(1P e

Binary

Mominal Ordinal

Very comfortable

L] XL)xxi)

—

Letter grade

A+
A
A=
B+
B
B-
C+
Cc
C~-

D+

CURRENT WORLD RANKINGS

Akane PUSARLA Ratchanok
YAMAGUCHI V. Sindhu INTANON




Taxonomy of data

Data Type
|
CQuantitative Cualitative
Counts, Measurements Attributes, Labels

QUANTITATIVE DATA:

D Scfc*’c da+a
- There are 3 Cones
~ Cone1 has 2 Scoors

CO'\"’\nuouS dai-g
Tent 3 wer 3“‘ 3a.4 jrams

- cone 2 ce cream s “at R.3°F




Taxonomy of data

I

Cata Type

Counts, Measurements |_Suantitative

[

Discrete

# of CPU cores
# of courses taken in a semester

# of times word ‘sale’ appearsina doc

|

]

Qualitative

Continuous




Taxonomy of data

Counts, Measurements

Cata Type

e

Juantitative

'|..|
Discrete

L

L4

Qualitative

Continuous




fo‘?’@\

Samples and Features

Feature / Attribute

N
0% i

c

E.

H
Quality Usage Dioxane [mol%] Toluene [mol%] Cyclohexane [mol%] Temperature [ C] {Instrument} Tmestamp

in 18.238 59.40672 22.3555 22.1 RXN1 2019-11-14
Sample ——| Good _train 23315 37.88732 387977 222RN1__ 2019-11-14
Good train 16.405 56.02367 275714 22.0 RXN1 2019-11-14
Good train 41.196 3.06438 55.7395 22.1 RXN1 2019-11-14
Bad ignore 51.75047 222 LTT-R 2019-11-15
Good test 13.476 67.81965 18.7039 225 LTT-R 2019-11-15
KQ)Od test 16.802 13.56112 69.6365 219 LTT-R 2019-11- 15/:
iblel ©) «




Ultimately, all data needs to be quantitative

Data Type

)
Juantitative TQualitative

[ 1

Dizscrete Continuous




Taxonomy of data: Qualitative = Quantitative

Data Type (/,*,-) are (usually) meaningless

l /! Attributes, Labels
CQuantitative Qualitative
i
Binary Mominal Crdinal

o @O

Preference



Taxonomy of data: Qualitative 2 Quantitative

Data Type (/,*,-) are (usually) meaningless

l ! Attributes, Labels
Cuantitative Cualitative
i
Binary Mominal Crdinal
0 1 2 INDIA POST
“ w REVA TVS »a PP 5% @ - Pin Code
AMNW

I O 2 0 —. 456001
orange TATA premier =% - R i
) Sub-region
Color Make . Sorting district
Pin Code Post office



Numerical encoding of categorical variables

. . ’
' i : 1
1 Taleil ol P P T
) | 208 { :
. ' , ’, \\. .
4

id

Color
1 White
2 Red

3 Black

4 Purple
5 Gold



Numerical encoding of categorical variables

TV TR R ORTINL | (DR S TR, T
One-hot cszLi;sgg rormat:

FICTIrm ™ SN ™yT ™"
ricina =
L,z:b.“:-z.a Udld.

id Color id White Red Black Purple Gold
1 White 1 1 0 0 0 0
2 Red 2 0 1 0 0 0
3 Black 3 0 0 1 0 0
4 Purple 4 0 0 0 1 0
5 Gold > 0 0 0 0 1



Numerical encoding of categorical variables

Paris )
Rome-—. word V
) bt
\ | |
Fome = (1, 0, 0, 0, O, O, .., 0]
I':ll_;lr - | - [ﬁr T Igl! I:Il G.’ ﬁf LLLE & i-\.I
:l--l:-l.—}"' : |-l:r I:I.r ]: I:Ir 'j.r I-'--l:r —ma l.'--.:-I

France= [0, 0, 0, 1, 0, 0, .., 0]



l

Juantitative Oualitative

(1K il "l’
Binary Nominal Crdinal

How comfortable are you with Python *

B "

A+
No knowledge Very comfortable A
A~

Bs 1 2 3 4 5

5 CURRENT WORLD RANKINGS

TAI Akane = PUSARLA Ratchanok

s)os)om) o) a)xa) || R ~ 2

oy Xl v
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number !
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Example: PlayTennis dataset

Outlool femperature Humadity Windy Play
Sunny Hot High False NO
Sunny Hot High lrue NO
Overcast Hot High False \(
Ramy Muild Normal False Ye
Outlook femperatus Humdity Windy Play
Sunny 85 X5 False NO
Sunny 80) o) lrue No
Overcast 83 N6 False )



Sometimes data can be missing

H ty Windy Pla

Falsc

lruc NO

Fals
Ramy

- Unknown or unrecorded



... or incorrect

DBAName AKAName Address City |State Zip
t1 | John Veliotis Sr. Johnnyo’s MngSaSnSST Chicago ) IL 60608
t2 | John Veliotis Sr. Johnnyo’s M?)ng:nSST Chicago || IL 60609
t3 | John Veliotis Sr. Johnnyo’s MgfgsjnSST Chicago | | IL 60609
t4 | Johnnyo's Johnnyo's MngSSn%T Cicago | |IL | 60608
Does not obey Conflict

N

data distribution

Conflicts



Data imputation

 Approaches that aim to estimate missing data
* Options
— Remove sample
— Fill with O
— Fill with constant
— Fill with a statistical measure (mean, median, mode)

— Do nothing. Use a learning method which can handle
missing data.




Lecture Outline

ML Workflow

Data sample Representations
Basic Data Transformations
Data Visualization



Samples, Features, Labels

Label Feature / Attribute

| l

B | C | D  E | F | G H I 5
Quality Usage Dioxane [mol%] Toluene [mol%] Cyclohexane [mol%] Temperature [°C] {Instrument} Timestamp
in 18.238 59.40672 22.3555 22.1 RXN1 2019-11-14
Samp|e _>” Good train 23.315 37.88732 38.7977 22.2 RXN1 2019-11-14
Good train 16.405 56.02367 275714 220 RXN1 2019-11-14
Good train 41.196 3.06438 55.7395 22.1 RXN1 2019-11-14
Bad  ignore 51.75047 222 LTTR 2019-11-15
Good test 13.476 67.81965 18.7039 225 LTTR 2019-11-15
KG\ood test 16.802 13.56112 69.6365 219 LTT-R 2019-11- 15/

iblel

®

4




Data Sample Representations,

4
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Data Representations

G vaph Represemtatiom

40’_]'0\ce:nca Matrix
3 4 5§ ¢ 7

o 1 2

~
-9
~N
¥
Y
-
s
3

®
com

>

1}

>
glels=|o||w]|®
8188|888
8(2|8|8]|8]88|
8lal8|8[8[8]8|%
3mmwmmmsA
+| 88888«
w|B| 88|28 |®
glw|t[(m|8[8]| 88
o d d MG u vk




Feature Extraction (FE)

#Def: Feature Extraction (FE) is any algorithm that transformation raw data into features that
can be used as an input for a learning algorithm.



The Bag of Words Representation

it 6
| 5
| love this movie! It's sweet, . ) the 4
but with satirical humor. The fainy aiways loveyo 't :fn g g
dialogue is great and the a n't whimsical it i >
adventure scenes are fun... friend saen dialoqlnvone yei 1
It manages to be whimsical 40Py re:gmmend would 1
and romantic while laughing advesrx;u;et of satirical whimsical 1
at the conventions of the ‘""',;’ I putto moviet, it - times 1
fairy tale genre. | would sev'eral LS oAl sweet 1
recommend it to just about e agggn it thew::';z“ zgcgiil”e 1
e o scenes | the manage genre 1 (i) Reglon detection (i) Feature extracsion (iif) Vector quantization
» & | ys happy fun © times fairy 1 K

to see it again whenever | land o anv:hile RufiGE 4 eans
have a friend who hasn't whenever — paye have 1 i
seen it yet! w“hoonvenhons great 1
15

allo 8, .. pld 8 p,



time
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Feature-based, Hierarchical Data Representations

3rd !ayer’ High-level
“Objects’ linguistic representations

{ 2nd laver
“Object parts”

1st layer
llEdgeS”

Pixels




Data — a probability-based perspective

 The basis for Statistical Learning Theory

‘—-c - =

/
oo oo B0y e, e,
J e’ ' > S N 4 LY

. a” aa.W 4 J

Then we observe candies drawn from some bag:

— Domain described by random variables (r.v.)
* X={apple, grape}
® bi € [1,5]

— Data = Instantiation of some or all r.vs in the domain



Data: a probabilistic perspective

DBAName AKAName Address City |State| Zip
t1 | John Veliotis Sr. Johnnyo'’s Mgg:nSST Chicago ‘ IL 60608
t2 | John Veliotis Sr. Johnnyo’s Mil"‘geasnSST Chicago \ IL 60609
t3 | John Veliotis Sr. Johnnyo'’s Mg‘r;e:nSST Chicago | | IL 60609
t4 Johnnyo’s Johnnyo’s Mg‘rg;:nSST Cicago IL 60608
Does not obey Conflict

data distribution

Conflicts

—

Output

Proposed Cleaned Dataset

DBAName| Address City | State Zip

John 3465 S ,

Y| Veliotis sr. Morgan ST Chicago | IL 60608
John 3465 S =

2 | veliotis Sr. | Morgan st | Chicago | IL | 60608
John 3465 S ,

3| Veliotis Sr. Morgan ST Chicago | IL 60608
John 3465 S x

| veliotis Sr. Morgan ST Chicago | IL 60608

Marginal Distribution
of Cell Assignments




Other important aspects of data

 Mode of collection
— Passive (‘sense’)
— Active (‘explore, sense, repeat’)

e Statistical assumptions on data
— i.i.d (independent and identically distributed)
— Online (e.g. time-series data)



Lecture Outline

ML Workflow

Data Representations
Basic Data Transformations
Data Visualization



Quantization

1. Continuous =2 Discrete (‘Rounding off’)

1} Quantization
step size

0 N 2
Time (seconds)

2. Binary Quantization (‘Thresholding’)



Data Normalization

] Class label| Alcohol||Malic acid
ol[1 1423 |[1.71
1][1 1320 |[1.78
2[[1 13.16 |2.36
EE 1437 [1.95
a1 13.24 |2.59

o

o

o

o

Malic Acid

https://sebastianraschka.com/Articles/2014_about_feature

Alcohol and Malic Acid content of the wine dataset

7
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https://sebastianraschka.com/Articles/2014_about_feature_scaling.html

Popular normalization approaches

Xnm‘m -

X — me.‘rr

X max Xmm

MinMaxScaling

1w
J=JN;m—ﬁ

Standardization
(Unit Normal Scaling)

Class label|Alcohol||Malic acid
1 1423 |1.71
1 13.20 |[1.78
1 13.16 ||2.36
1 1437 |[1.95
1 13.24 ||2.59

[Al[w|mM]=][a] ]




Data Normalization (applied to each feature)

Alcohol and Malic Acid content of the wine dataset

— 7
Class label||Alcohol||Malic acid s®s input scale
o1 1423 [[1.71 6l Standardized [N(n=0. +=1)] :
1l 1320 |[1.78 min-max scaled [min=0, max=1] o
— I:. o
21 13.16 ||2.36 il 0o
31 1437 |[1.05 =" e
= at T S
a1 1324 |[2.59 A
— 'E E= : '.\:E':.::\I"'2¢
o s T 2 9
° p . B
g 2| L P
N ﬁ %
. r g ) u C%G 0
1k £ = b @ e
. f“ :'
ok Y
o CF et
I L]
e 3
b T Ty ﬁ"
4 |
_2 1 I 1 I
-5 ] 5 10 1%

https://sebastianraschka.com/Articles/2014 about_feature_scaling.html Alcohol



https://sebastianraschka.com/Articles/2014_about_feature_scaling.html

Feature-2
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https://sebastianraschka.com/Articles/2014 about feature_scaling.html
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https://sebastianraschka.com/Articles/2014_about_feature_scaling.html

Workflow of a Machine Learning Problem

Later lectures ...



Lecture Outline

ML Workflow

Data Representations

Basic Data Transformations
Data Visualization



Gazing at Data: Data visualization

data exploration data presentation

Where are the greatest opportunities
for cost and care management?
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i In good information
visualization, there are
no rules, no guidelines,
no templates, no
standard technologies,
no stylebooks ... You
must simply do
whatever it takes. gy

—Edward Tufte

VISAGE.CO




Resources

* https://towardsdatascience.com/5-quick-and-easy-data-
visualizations-in-python-with-code-a2284bae952f

PYTHON

DAaTA VISUALIZATION
LIBRARIES

https://twitter.com/storyby
STORY BY DATA data/status/116633764834
1991424
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