Data Analytics

(manyalternative names: Data Minin@ecision
Support Systems, Machine Learning, Knowledg
Discovery)



A

Data Mining and Business Intelligence

Increasing potential
to support

business decisions Making End User
Decisions

Data Presentation Business

. : Analyst

Data Mining Data
Information Discovery Analyst

Data Exploration
Statistical Analysis, Querying and Reporting

/ Data Warehouses / Data Marts \
OLAP, MDA

DBA
Data Sources
Paper, Files, Information Providers, Database Systems, OLTP




Origins of Data Mining

A Draws ideas from machine learning/Al,
pattern recognition, statistics, and
database systems

A Traditional (computational) techniques
may be unsuitable due to
i Enormity of data
I High dimensionality
of data (millions of attributes)
I Heterogeneous,

distributed nature
of data




Why Mining Data? Commercial Viewpoint

A Lots of data is being collected
and warehoused

I Web data, ecommerce

I purchases at department/
grocery stores

I Bank/Credit Card
transactions

A Computers have become cheaper and more powerful

A Competitive Pressurés Strong

I Provide better, customized services foreage(e.g. in
Customer Relationship Management)



Mining Large Data Setdotivation

A There is often information hidden in the data that is
not readily evident

A Human analysts may take weeks to discover useful information

A Much of the data is never analyzed at all
DATA GROWTH
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What Is Data Mining?
AMany Definitions

I Nontrivial extraction of implicit, previously unknownand
potentially usefulinformation from data

I Exploration & analysis, by automatic or
semrautomatic means, of
large quantities of data interpretaton
In order todiscover

meaningful patterns ”'i»“ ]]]3»

Transformation

Preprocessing »
Transformed
Data
Selection -
B Preprocessed
Data ; g Data d g e
Target
; Data

Patterns




Data, Information &

Knowledge




A Dataare raw facts and
figures that on their own
have no meaning

A These can be any

alphanumeric characters i.e.

text, numbers, symbols
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Data Examples

A Yes, Yes, No, Yes, No, Yes, No, Yes
A 42, 63,96, 74, 56, 86
A111192, 111234

A None of the above data sets haaay
meaninguntil they are given &ONTEXT
and PROCESSH1ilo a usable form



DataC Information

A To achieve its aims the organisation will neegtocessdata
Into information.

A Data needs to be turned intmeaningful informationand
presented in its most useful format

A Data must be processed ircantextin order to give it
meaning



A Data that has been
processed within aontext
to give it meaning

OR

A Data that has been
processed into &orm that
gives it meaning




A In the next 3 examples we
explain how the data could
be processed to give it
meaning

A What information can then
be derived from the data?

A Can YOU answer?




Example 1

1 |
Context

l Processing

Information

=

=

Yes, Yes, No, Yes, No, Yes, N
Yes, No, Yes, Yes

D,

Responses to the market
research questiory Would you
buy brand x at price y?

2777




Example 2

1 |
Context

l Processing

Information

=

=

42, 63, 96, 74, 56, 86

Jayne s scores in Bhomeworks
during the first semester
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Example 3

111192, 111234

The previous and current

Context ‘ readings of a customels gas

meter
l Processing

Information —) P07




Knowledge

A Knowledge is the understanding
of rules needed to interpret
Information

é the capability of understanding
the relationship betweenpieces of
Information and whatto actually do
with the information

Debbie Joneg www.teachict.com



A Using the 3 previous examples:

I A Marketing Manager could use this information
to decide whether or not to raise or lower price
of an item (help settling pricing policies)

I Jaynes teacher could analyse the results to
determine whether it would be worth her re
sitting a modulghelp defining personalized
training policies)

I Looking at the pattern of the customes
previous gas bills may identify that the figure is
abnormally low and they are fiddling the gas
meter!!! (help in fraud detection)

Knowledge

Examples




Data Mining Applications

A Some application domains (briefly discussed here)
I Data Mining for Financial data analysis
I Data Mining for Retail and Telecommunication Industries
I Data Mining in Science and Engineering
I Data Mining for Intrusion Detection and Prevention
I Data Mining and Recommender Systems

19



A What kind of dat (what do we have available
or could be available)

A What kind of INFORMATIQkhowledge) we
g2dz2 R ftA1S G2 SEGNY OGK

3 questiOnS customers with similar purchase behavior)

A What for(what kind of predictive/ prescriptive
analysis)? (e.d., addressing specific campaigns
targeted for these customers)




A Predictingthe impacts of customer engagement
for aparticulardirect marketing promotion in a
retail environmentusinghistoricalpromotional
engagementlata suchas

customer information,
their location,
their responsedo apromotionalcampaignor

how activelythey havebeenengagingwith
websites or apps

A Identifyingand preventingfraudulenttransactions
for banks by monitoring of customéansactions
andflaggingtransactionsvhich deviate from a
standard customebehavior identified for each
customer of the bank frordata suchas

I transactionhistory and

I the geographicalocations ofthose
transactions

Financial/Marketing

|

applications }
:

:




A Preventinghospitatacquiredinfections
by predictingthe likelihoodof patients
susceptiblego centratline associated
bloodstreaminfections

SEliialezli=8 A Using machine learning faredictthe
likelihoodthat patientswill developa

chronicdisease

A Assessinghe risk of gpatient not
showingup for ascheduled
appointmentusingpredictivemodels

A Whichdata: ElectronidviedicalRecord
(EMR) dataalongwith K 2 & LIA 0 I £ Q&
Internal datawarehouserecordson
historicalcases




A Predictive Maintenance: Using vehicle
sensor data (for cars or trucks), we can
potentially help customers develop a
predictive analytics solution, which can
take this data to predict which
components might fail or not perform
as required.

A Dynamic Pricing: transportation
businesses might be able to optimize
the endproduct costs based on real
time changes in operating factors such
as fuel costs, securtrelated delays in
shipments, and external factors, such as
weather.

Transportation




Retall

Industry

Customer retention : Analysis of
customer loyalty

Use customer loyalty card
Information to register
sequences of purchases of
particular customers and
predict future purchases

Use sequential pattern mining
to predict changes In
customer consumption or

loyalty
Suggest adjustments on the
pricing and variety of goods



Data Mining
{o]

Recommender
Systems

Recommender systems: Personalization,
making product recommendations that are
likely to be of interest to a user. A very
popular application!

I What kind of data? User transactions,
sales data, data (and opinions) on
products

T What kind of information we can extract?
A User profiles

A Product similarity, opinions on
products

A What the user is likely to like
I What kind of knowledge?
A Will user x purchase item y?

A Will a new product y receive the
appreciation of buyers?

A Why item y was (was not) successful?



A Prediction Methods

I Use historical data to predict unknown or future values
of some attributes.

I Examplepredict if user xvill purchase product y (given
his/her past purchases and preferences)

D ata M | N | N A Prescriptive Methods
g I Find humanrinterpretable patterns or traits in data, that
(synthetically) describe the data, aadtaccordingly.
TaS kS i Example: discover strong relationships between specific

demographic attributes and vote during elections, or
discover common buyer behaviors (e.g. if customers buy
items X and Y, they also often buysd,suggest place

items X, Y and Z near to each otheincrease the sales

of Z - e.g. outfit recommendation in fashion market)

I Example: learn driving strategies, learn to play chess
(physical and virtual robots)




Data M | n I n g VrS . ' simplilearn |
Machine - -
Siened Statistics
Ie aln | N g Technology

A Data Mining is extracting
information from data, includes
descriptive, prescriptive,
predictive analytics, and also
data visualization

A Machine learning can be
considered as a subset of Data
Mining: ML are algorithms that
find «patterns» in the data for
prescriptive an predictive
analytics

DATA MINING Visualization




What is Machine Learning
(in a nutshell)

A set of
methodologies to
find regularities In

data




A Historical (dabelled») data: data
collectedin the past, for whichthe
outcomeis known (example patient
historieswherewe know f a

cardiovasculaeventhasoccurredor
What data not: bankO dza (i 2 hismeRfawhich
are used to we know isthey havebeendefaulters
| 5 or not)
ealn: A Unlabelleddata: data with no labels, for

examplethe sequenceof purchasef a '
user on an e&eommerce web site, or
sequenceof actions orflight actuators /
by a humamilot of anairplain

What is «labelled»? Usually the task is learning to predict the value of some variable (e.g., cardiovascular risk). Historical data prowde examples
of such values.



Exampleof predictivelearning:
Credit riskassessment

INCOME ___| EDUCATION _| DEFAULT.

ID1 27 30.000 YES 1
ID2 50 45.000 NO

ID3 60 46.000 YES 0
é é

ID1348 32 55.000 YES 0

A Creditscoringis afairly widespreadpracticein bankingnstitutions,
whosemainobjectiveisto discriminatebetweenborrowers basedon
their creditworthiness

A Decisioron whethergrantingcredit to newcustomersis basedon
pastdata oncustomerswho experienceda default ornot

A Machine learning can helpssessinghe risk of defaultof new
customersbasedon a «risk modeliearnedfrom pastdata

* Here data are «labelled», to mean that historical data include the label (value) of
the variable we want to predict, «Default» in this example. Note that Default is a
binary variable, but as we will see, ML algorithm can learn predicting either discrete
or continuos variables.



Exampleof feature

identification:cardiovascular
riskassessment

1 Diabetes_012 =

0 = no diabetes 1=
prediabetes 2 = diabetes

#H Smoker

Have you smoked at least
100 cigarettes in your
entire life? [Mote: 5 packs
= 100 cigarettes] 0 = no 1
= yes

# Veagies

Consume Vegetables 1 or
more times per day 0 = no
1=vyes

F MentHith

law thinking about your
1ental health, which
icludes stress,
epression, and preblems
tith.emaotions, for how

4 Education = ## Income =

Education level (EDUCA

1 HighBP =

0 = no high BP 1 = high BP

tk Stroke

(Ever told) you had a
stroke. 0 = no 1 = yes

# HvyAlcoholConsu... =

Heawvy drinkers (adult men
having more than 14

drinks per week and adult
women having more than
7 drinks per week) 0 = no

# PhysHith =

Mow thinking about your
physical health, which

includes physical iliness
and injury, for how many
days during the past 30

Income scale (INCOME2

see codebook) scale 1-6 1 see codebook) scale 1-8 1

= Never attended school
ar only kindergarten 2 =
Grades 1 through 8

= less than $10,000 5 =
less than $35,000 & =
$75,000 or more

# HighChaol =

0 = no high cholesteral 1
= high cholesterol

i HeartDiseaseorAt... =

coronary heart disease
(CHD) or myocardial
infarction (MI} 0 = no 1=
yes

# AnyHealthcare =

Have any kind of health
care coverage, including
health insurance, prepaid
plans such as HMO, etc. O
=no1=ves

# DiffWalk =

Do you have serious
difficulty walking or
climbing stairs? 0 =no 1=
yes

# CholCheck =

0 = no cholesterol check
in5vyears1=yes
cholesterol check in 5
YEears

3 PhysActivity =

physical activity in past
30 days - not including
job 0 =no 1= yes

# MoDocbeCost =

Was there a time in the
past 12 months when you
neaded to see a doctor
but could not because of
Cost? 0 = no 1= ves
3 Sex =

Q = female 1 = male

H BMI

Body Mass Index

## Fruits

Consume Fruit 1 or more
times perday 0 = no 1=
yes

1 GenHith

Would you say that in
general your health is:
scale 1-5 1 = excellent 2 =
very good 3 = good 4 =
fair-&= boor

H Age

13-level age category
[_AGEGSYR see
codebook) 1=18-249 =
60-64 13 = 80 or older

Electronic patientecords
arenow widelyavailable.
Theycollectthe «history»
of patients their clinical
tests treatmentsand
diseases

Doctorscan besupported

In decidingthe best
therapy, or inestimatinga
specificrisk of
complicationge.qg.,
cardiovascularrisk) by
machine learning systems,
basedon the analysisof
historicaldata ofprevious
patients




Basic workflow of aredictiveML system (in a
nutshell

Model training g’ P

Historical («labelled»)
data

Algorithm Predictive model

Operational phase

. New (unlabelled) data Predictive model J i l
®

Note, not all ML systems work in this way. This is the most popular category of ML systems, named Supervised Machine Learning.




Whatis the task?

A Prescriptivé Descriptive

Givenavailable data, ogivenan environmentand somestimuli,
prescribe«<how to», e.g., best actions to bperformed

Example customersegmentationaccordingto their profiles, best
strategyto win a game, best way for a robot texecutea giventask¢
e.g., drive a cag how to improve on-line sales byecommendingthe
rlght items tocustomers



Exampleof prescriptiveanalytics.customer

segmentation precisiontherapies anomaly
detection

Current Medicine
One Treatment Fits All

A Givendata oncustomer
profiles clusterthem into
groupsof «similarones»

A Then usethesegroupsto
identify bestpersonalized
marketingcampaigngo
optimizerevenues




Exampleof clustering

Raw input data

®* Unknown output
*No training

Learning algorithm

o,

Interpretation Processing

. . . .1 ‘: A
* * ".5.30.‘ A

Note: system learns from unlabelled data, these ML models are called Unsupervised Machine Learning models



Example of
prescriptive

analytics

Recommender systems

Observe a behavior and
Ar ecommiemsdto buy,
music to listen, people to
follow on social,..




Exampleof prescriptiveanalytics: sel@irivingcars

A Analysedrivingbehaviours
of million «human» drivers

A Learnbeststrategyto react
to the environment(driving
strategieg inanycondition



Workflow ofprescriptiveML

Strategy/policy




Issues In Machine
Learning




Issues In Machine Learning

How can we program systems to automatically learn
f rom ¢ datimmovepredictie/prescriprive
capabilities with experience? 0

Need to ponder on how human beings learn..

A What is learning? A How do we learn?
A What can we learn? A How can we
A What is Amproveo, and over

fexperienced ? ? what??



What Is learning??




Fire burns!




But we
eventually
learned
using It




You can
study (learn)
Machine
Learning




And then build
an app to
reccomend best
restaurants
based on

peopl eods e &
preferences

Guides

Wishlist Favorites




So, what Is learning (for humans)?

A Make sense of a subject, event or feeling by interpreting it into
our own words or actions

A Use our newly acquired ability or knowledge - in conjunction with
skills and understanding we already possess - to do something
useful with the new knowledge or skill



COLLECT AVAILABLE DATA (ingest)
+

What Is GAIN KNOWLEDGE (understand, interpret

data and transform it into knowledge)
. 7 .\
Iea‘rn | ng ] USE NEW KNOWLEDGE
TO DO SOMETHING (act)



But, how do we
learn??




How do humans
learn?

A Someone tell us (teacher, or watching others)

A Try and test (learning by doing) as in the fire
example

Basically, ML systems learn in one of these two ways

o G = A o s
There is only one thing more painful than learning from
experience, and that is not learning from experience.
Laurence J. Peter




Is there something humans cannot
learn??




As a matter of facts, machines can learn to fly,
swim, run..

A Surprisinglywith rather different strategiesX

https://www.youtube.com/watch?v=4Z9dvYrZ3ro&
feature=emb _Imp_ woyt



https://www.youtube.com/watch?v=4ZqdvYrZ3ro&feature=emb_imp_woyt

Besides things that humans cannot
learn (but possibly machines can..),
there are others that are either..

Difficult to learn
Difficult to teach

www.catlogictraining.com




When is it difficult
for humans to
learn?

If there are too many data,
humans cannot easily make
sense of them (e.g. finding
regularities in the human
genome, learning to
recognize one among
millions of objects, market
analysis and forecasts)




-

Stock market values
' And quotes

When is it difficult
for humans to
learn?

If data change too frequently,
humans might be unable to
continuously adapt their
knowledge (e.g. personalized
recommendations, market
analysis forecast)
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for humans to learn?
he environment I s dangerous,

rescue systems)

Nl

ear ni

ndg

o



When is it difficult
for humans to teach?

If there is not enough information or
previous expertise to nNunde

gain knowl edgeo

(we actuallydo not understand the image

and speech recognition process by
humansii t i1 s not nteachabl eo)




Are machinedetter than humans

A Yes In some applications antb@omeextent» (e.g., gamegrecision
surgery, image understanding..)

o ”

pIg

)4
-
a5
eis
A -~

A However usingmachinegin gener

A Ausefulquestionis: WHENSs the supportof machineearning truly
needed




So when is
It

to use
Machine

Learning?

ML is used when:
O No expertise

rd

O Human expertise does not exist
(navigating on Mars), or there is a
danger

rd

O Humans are unable to explain their
expertise (speech/image recognition)

6 Too many data, data change frequently:

O A solution changes in time (market
data for market forecast)

rd

O A solution needs to be adapted to
particular cases (personalized
systems for a recommendation,
diagnosis, etc.)



So when Is
It
advisable
to use
Machine

Learning?

A Develop systems that are too difficult/expensive to
construct manually because they require specific
detailed skills or knowledge tuned to a specific task
(knowledge engineering bottleneck).

O Expert systems (more frequently named Decision
Support Systems)

A Develop systems that can automatically adapt and
customize themselves to individual users.

O Personalized news or mail filters
O Personalized tutoring

O Personalized therapies

O Recommenders

A Discover new knowledge from large databases (data

mining).

O Customer preferences (learn from large samples
of cust omerbehaviosr§)oppi ng
Medical text mining (electronic health records)

Social network mining (messages and friendship
relations)

Emotion detection (from
images)

o OvOv

| ar ge

dat as



An
Interdisciplinary

topic: many
related
disciplines!

ML is perhaps the most interdisciplinar of CS

71



Alt Is really hard to find a
problem where machine
learning is not already R ———
applled -- machine iy EEEIUIENY

- learning is practically

SO0 me everywhere, in business

hot O applications and science!

applications A
i

6s see a MUILIRNE
t s

(=

0 applic lEEOERE




Computational
Biology & E-
health

A Predicting diseases and complications
from genomic data (metabolic, gene-
disease relations, ..)

A Drug repurposing through the analysis
of biological networks (e.qg.
interactions between proteins)

A Predicting epidemics through the
analysis of human interaction data
(e.g., population density, data on
population movements, climatic data,
etc.)




Earthtone Crop Top

Lightweight, handspun
cotton with blocked panels.

$44.50

We Think
You'll Love

Dhusara Shawl

Oversized summer shawl
in handwoven chambray

$44.50

NEWMARKETGOODS

Khadi Pullover

Handspun and handwowve

cotton khadi.

$54.50

Web Search and
Recommendation Engines

AFind relevant searches, predict which results
are most relevant to us, return a ranked
output (Google)

ARecommend similar products (e.g., Netflix,
Amazon, etc.)



Finance

APredict if an applicant is
credit-worthy

ADetect credit card
frauds

AFind promising trends
on the stock market
(algorithmic trading)




Text and Speech Recognition

AHandwritten digit and
letter recognition at the
post office

AVoice assistants (Siri)

ALanguage translation
services

I Q. Sl
/33 Sthat
)4%3) 10, U4 13345




Image
Understanding
and Robotics

Aldentification of relevant
information (objects) in
large amounts of
Astronomy data

ARobotics for industry,
energy saving, and smart
cities

ASeIf—driving cars




W #interactive

#Election2016: US Presidential Candidate Twitter Buzz

As the fortunes of the 2016 US presidential candidates rise and fall throughout the campaign, so does the amount of conversation about them on Twitter. Below is an
interactive graphic that allows you to take a look back at the amount of buzz each presidential candidate received on Twitter since September. By default, the graphic ranks
all candidates using national data, but you can filter by party, state and status of candidacy or order it proportionally.

State | All v | Party | All v | Candidates | All v | Metric [Proportion v Play B | End M

Bt Yy i

o

Social
Networks and
Advertisement

ASociaI data mining:

A data mining of personal
information

A Predict/analyze opinions,
political choices, purchase
behaviors




And thelatest (basedon OpenAILLM/GTRnodels

4 Generatingcode from NLIhstructions(e.g., NL2SQL)
4 Domaingeneralguestionanswering

4 Visualrecommendersystemsygivendata, recommendbest
charts to gain insight from data (DATA2Viz)

4 Generatingartisticimages from NLBescriptiong NL2Images)
4 Automatedimagecaptioning(IMAGE2NL)

A Summarization

4 Automatedproblemsolving

A X éxponentialgrowth of applications



ML
Algorithm

types

(we will
shortly
analyze)

A Classification [Predictive]
A Clustering [Descriptive/prescriptive]

A Association Rule Discovery
[Descriptive/prescriptive]

A Sequential Pattern Discovery
[Descriptive/prescriptive]

A Regression [Predictive]
A Deviation Detection [Predictive]



ML algorithm

types

A Classification and regression [Predictive]
A Clustering [Descriptive/prescriptive]

A Association Rule Discovery
[Descriptive/prescriptive]

A Sequential Pattern Discovery
[Descriptive/prescriptive]

A Regression [Predictive]
A Deviation Detection [Predictive]



Whatis aclassifie?

A Givenrecords(instance3 representing«data» of a domain (e.g.,
customers products patients hotels..) andjivena particular
attribute (that we callalsofeature, orvariable ordescriptor or
field.)) describingheserecords(for example beinga returning
customerexperiencing failure,havinga heartattak, being
overbooked.),

A Thealgorithmlearns from pastdata, predictingthe valueof the
attribute for the future (iInseeninstance$

A Attribute must becategorical(discrete, finite set ofaluey, thisis
why isit calledclassifier



Categoricalrs
continuous

variables

Types of quantitative
variables

|

1

Discrete

Continuous

A discrete variable

is characterized by gaps or
interruptions in the
values that it can
assume.

- The number of daily
admissions to a general
hospital,

- The number of decayed,
missing or filled teeth per

child in an elementary
school.

Mekele

A continuous variable

can assume any value within a specified
relevant interval of values assumed
by the variable.

- Height,
- weight,
- skull circumference.

No matter how close together the
observed heights of two people, we
can find another person whose
height falls somewhere in between.

University: Biostatistics



Regression

What is the temperature going to
be tomorrow?

Classification
vrs. Regression

/{14

PREDICTION
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ClassifiersTraining phase

machine
learning
algorithm

Historical =
data

outcomes

OUTPUT

Example

A «cases areclinicalrecordsand medicaldata ofpastpatients «outcomes is theobservedefficacyof a
therapy, or theonsetof acomplication (e.g.,diabeteg

A Classifiera model (dunction) that predictsan outcomeon future patients(e.g., theonsetof acomplicatior)



Predictionphase

228
Ah AA
¥ %82
fh AR Al
70 .
Ak A Newcases Classifier
o .
| Ad g - . -
Diabetes v 3
TS | sa sl

Duringthe predictionphase, thepredictivemodel (theclassifief becomesoperational.
It is providedwith new datag e.g., data on newatients- andit usesthe learnedmodel topredictthe future



A Given a collection of records Bajning set) in a given domain (e.g.,
customers of a bank)

I Each recordi in Dcontains a set ottributes, one of the
attributes is named thelass(= the attributec whose value we
would like to learn predicting, e.g., c=defaulter, with values
yes/no). It must be discretevariable (binary or mukvalued)

i The trainin%set represents historical data for which the value of
cis KNOW

C I aSS Ifl e rS a. A Objective Learn anodelch) for theclassattribute as a function of
the values of other attributes.
formal

A MethodY GKS (I NBSI Aa i'j_ 2 C_()f):ﬁj'CN h | a
that c(x? reproduces, for all records x in the historical dataset D, the
same class values. .

A Formally C E COAM H &I ) QOH o v Ohi(®) ®
I Dis named learning (or training) set, and offers examples of
correct classifications for a set of instances (the paiv&w ))
I Atest setis used to determine the accuracy of the model.
Usually, the given data set is divided iti@ining andtest sets,

with training set used to build the model and test set used to
validate it.

I If accuracy is sufficiently good on test data, the model becomes
operational

definition




Marks obtained in 2nd Exam

100 A

20 1

Dataset o U dzR ®afksifthe first and second

exam
- A [ S Bagwe haverecordsofd U dzR Sy
e e il 2k results for the first second arttiird
Sttt e | eam
%< N i . S A Binaryclassvalue admitted or not
SR o admitted
. “° AN A Thetable shows thedistribution of
of PRI i L™ historical data, blue arthosewho
o passed greenthosewho did not pass
PR ey A Obijective of ML algorithm is to learn
e Admitted predicting from past data if the student

0 40 50 60 70 80 %0 100
Marks obtained in 1st Exam

will pass or not the third exam
Aaft SINYy | Y2RST ¢

future outcome for future students,

given results of first and second exam

0 K I



Marks obtained in 2nd Exam

100 A

20 4

How Is thepredictionmade?

': .\\o. * e °°® . :oo.
[ & 3 & 0. == a
:". .‘ ¢ 9 :. .... ‘o.o
6) @

— Decision_Boundary

® Not Admitted
e Admitted \

0 4 50 60 70 8 9 100
Marks obtained in 1st Exam

The«model»is somediscriminativefunction
y=1(x)

In thisexample f(x)=mx+qis the blue lineit
approximatelyseparateshe positive
(admitted) and negativer(ot admitted)
examples

Thisline is usedasdecisionboundaryfor
future predictions

Whenpresentedwith a new datanstance x
(the red dot) the modelisesthe following
classificatiorrule:

IF f(x)<O THEN yret admitted» ELSE IF f(x)>0
THEN y=admitted» (remember, f(x)=0 faall
xlyingon the blue line, f(x)>0 faall x lying
abovethe blue line, f(x)<0 foall pointslying
belowthe blue line).



1. Training, or learninghase it analyses
historicaldatawhere a classification
(decisior) hasbeentaken(e.g. credit

' assignmentriskassessmenipatient
Lern I_n_ga_‘ diagnosis) andlearnaclassification
Classifiers MODEL

2. Testphase aportion of historicaldata
not usedduringtrainingis submittedto
the model forclassification Model
predictionsare comparedwith «grount
truth» to assesgjuality of the model.If
guality not sufficient datapre-processing
and model learninglgorithmare
Improved

3. Prediction(operational) phasethe
modelbecomesoperational, newunseen
data aresubmittedto the model for
classificatioranddecisionsupport

In 3phases




A A model is a functiog=f(x: g,a,..a,) whereyis a value, and: a,,a,..a, is the
set ofattributesor features of instances (recordspf a dataset (e.g. e.gxis
a credit card applicants, or a patient, or a product, etc. represented by a set
of attributes).

A Learning a model means that fevery combination of attribute valuesthe
system is able to compute the value of c(x)

A This ability mimics human ability of generalization: from few evidences we
learn a strategy that can be applied also to cases that we have not seen

What Is a

~ L A A model can be any algebraic, logic or probabilistic function

4
u a 2 R S f A If the values of f(x) are DISCRETE, then we helessifier if they are

continuous, then we have r@gressor

A For example, if, given a record describing an applicant credit history, we want
to learn a model that predicts if it is a possible defaulter, the model is a
CLASSIFIER (f(x) takes 2 discrete values, defaulter and not defaulter)

A If the model must predict a future stock market value given its past values
and other marketrelated attributes, then f(x) is a continuous value, and the
model in a regressor.




Whatdoesit meansmodel learning?

ﬂs«/modebhereis the linear
separator ymx+brepresentedoy

Marks obtained in 2nd Exam

| = Decision_Boundary
e Not Admitted @

® Admitted

the «modelparam

AParametersn and
learnedbasedon t
«some»ML algorit

0 4

50 &0 70 80 9 100

the blue linewherem and b are
Initially unknown (they are called

etery)

p of the line are
neexampledy

Nim

AOnce the line itearned then, we

Marks obtained in 1st Exam Can USG the mOdeI faned|Ct|0nS
asexplainedbefore



Example2: Predictingloandefaulters

Attribut | age Job Income | Emp Loan | Duratio | Purpose | Housin § Loan
e profile Length | Amoun | " g History
Name . : . : t — Numeric | Nominal | Nominal § Nominal
Type Numeri | Nominal Numer:1 | Nomina | Numern
c C 1 c 12, Car Rent, Defaulter
Values | 33, Less, 5000, |1, 1200, | 7% oan, | own
Example | 50, Moderately | 80000 8, 3500, in Loan, Defaulter
46 ’ 15 11000 months Busines
Highly s
skilled Loan etc

Input data are kistories> of previousloanreceivers
In the ETlIstep, «elevant> (for the taskpttributes havebeenselected

Oneof the attributes must be theonethat we would like to learn predicting Thisis named«class».
It must be discretetfiat is, it maytake afinite set ofvalueg

In this example the classis «.oan History, andhas?2 values defaultero nondefaulter(it is a
binaryvariablg.

Objective givenpasthistories,train a classifieralgorithmto learn predictingthe valueof this class
(defaulteror nondefaulter) ¢ andthen, use theclassifierto predictif new customergnot in the
record ofpastcustomerg will be defaultersor non-defaulters and usehis predictionto decide
wether to grant credit omot.

o Do To Do o



Processing the DW

Attribute | Age Job Income | Emp Loan Duration | Purpose | Housing | Loan
Name profile Length | Amount History
Type Nominal Nominal Numeric | Nominal | Numeric | Numeric | Nominal | Nominal | Nominal
Values <=27, less, 5000, <1, 1200, 36, Car rent, Defaulter,
Example | 28<=X<=37, |lmoderately, | 80000 1to4, 3500, 60 loan, own, Not
>=38 highly 4t07 11000 in House other Defaulter
skilled 7+ months Loan,
Business
Loan etc

f someattributes havetoo manyva
ne difficult to find regularitiesin the data.

ues it might

nthis case,ageandemployementienghthave

Intervalg

peendiscretizedvaluesare replaceadwith




Example of train/test phases

Age |Job |[Inco | X ® | Loan
me

<27 mod 35k

\066 er
YES
e 28<x High 50k NO
<27 skill . <37 skill
>38 High 11k .. NO
skill

<27 less 5k YES \

Learn
Classifier

b20SY | Oldzrftfte GKS @FftdzSa 2F GKS aGOflaa¢ | 00N
not provided to the system, in order to test its accuracy.




A very simple example of classifier
(decision tree)

Decision

Algorithm




A Problem: a bank has data on previous granted loans. For each customer, the
followingattributes (all with finite DISCREMalues) are available:

I Age(young middle old)
I Has_job(true, false)

I Own_house(true, false)
i

1

Example:
loan
application

Credit_rating (fair, good, excellent)
Loan(yes, no) (whether the loan was granted or not)
A ¢KS tFrad FGdNRo6dz0S Aa OFftftSR aOfl aas
variable y for which we wish to learn a predictive model:
loan=f@age,has_jobown_house,credit_rating

A Task learn a model to help deciding whether to grant a loan or not to new
customers based on history of past granted loans.

A When the model is learned, given a new customer and his/her attributes, the
model predict the clas®an (with values YES or N©O?. it suggests if the
loan should be granted or not

A Clearly the example is very simple: in the reality, many more attributes (even
order of millions!) are considered to build a model

(with simpler
attributes..)




o o

Example: Loan Application (2)

How do we learn the model?

Learn the model from a fragment of available data (training set) based on
previous experience (e.g. loan histories where we know if the recipient
could refund the loan or he/she was a defaulter)

Evaluate the quality of predictions using another fragment of the available
data (test set)

If performance is good (e.g., error rate iIs3%) then use the model to
help decisions on new customers

= [l
data :> Tralmng set

\/

Model Builder %
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ao- 0

i

s

Apge Has Job | Own House | Credit Rating Defaulter
young false talse fanr No
young false talse cood No
young true false good Yes
young true true fair Yos
Voung false false faar No
middle false false fair No
middle false talse good No
middle true true Emd Yes
middle false true excellent Yoes
middle false true excellent Yes

old false true excellent Yes
old false true eood Yes
old true false good Yes
old true false excellent Yos
old false false fair N0

A simple training se




Example:
Loan

Application
(4)

A So we have data on past loans. Each record
represents a previously processed customer
request, with 4 attributes and one class.

A Both the class and the attributes have symbolic
discrete (not realalued) values

A What kind of prediction function we can learn?

A As we said, functions can be algebraic (e.qg.
polynomial, exponential ..) logic (e.g. rules) or
probabilistic (a probability is learned for each
class value)

A We here introduce Decision Trees, a type of
logic function (it learns RULES)



A decision tree from the loan data

A tree has a root, branches and leaves

Young middle old
]
Has job? Own house? QEIE it rating?
g o

true  false truec  false far good excellent

/ \ / \ - | ~
Yes NO Yes w*@ﬂ'ﬂd Yes Yes
(2/2) (3/3) (3/3) (272) (/1) (2/2) (2/2

.

Root and brancimodesare TEST on attribute VALUES; heafesare DECISIONS
on class values; bran@ugesare labeled with attribute vales.




A decision tree from the loan data (2)

‘ouny middle old

- I Pon S0
I Has job’ Own house? It. redit rating”
7\ 7\ g o
truc ml\ truc  false far  good excellent
/ N\ /7 % ” | ™~
Yes NO Y s NO NO Yes Yes
(2/2) 3/3) (33) (2/2) (1] 2/2) 2/2)

Every path from the root to a leaf can be interpreted as a RULE, e.g.,:

IF Age=Young ANfas_jolxfalse THEN loan=NO




HowisaDTgenerated?

A. root node only C. decision tree with fully

expanded leaf nodes

B. decision tree with partially
expanded leaf nodes

..:o. 0.’0. ¢ o.’.o‘.l_v <
a3=vlr " a3=v2 \

ﬁ "% e .;\:

o

Subset ofnitial Fa T
exampledor which Cle o v @
a3=vl .A’_V M

A highlevel example

A Blue andgreydotsare the 4abelled> examplesn
the training setdescribedoy a set ofattributes
(t S ealfttemal,&®,a3..)

A Theobjectiveisto splitour datain subgroups
basedon thevaluesof attributes suchthat all the
membersof agroupbelongto the sameclass
(«bluexor «gray»)

A Ateachstep, thealgorithmsearch for the
attribute that allowsa split of the datavhichis
«closesb to theobjective(f S €ay i step Bthat
we split the dataaccordingo attribute a3,whose
valueare, e.g., vl and v2)

A Whenallthe examplesn a subsehavethe same
label,then, output adecision
A The red patltorrespondso a rule:

LC ltoldm ' b5 | mI@dn ! b5X



Support and confidence of rules

Root

Coo ® [&)
@ ® O e
@ L

Rule RIF f0=B AND f2=G

0 root split THEN ORANGE
- 5 C o .
~yy Ziseyy 2
4 I b Y) g M -
e e “HH % o |If2 | ° BLACK
L dhllchsplit . " o 2" child split
GREEN BLACK ORANGE  ORANGE

S(R) the support of a rule is the ratio between the examples in the dataset that satisfy the rule, and
the total number of available examples

The confidence C(R) of a rule is the ratio between the examples that satisfy both the conditions
(the IF part) of a rule AND the consequence (the THEN part) and the number of examples that
satisyonly the condition. f thenumerator is lower than the denominator, it means that the rule is

not 100% correct, given the data.



Another livein water?
example

Does the animal
lay eggs?

EINIEL

A whalelivesin water
but it is amammal So out
R of 21 examplesl doesnot
match the rule!




Once a model Is learned, It can be

used for new predictions

Age Has_Job Own_house Credit-Rating )
young | false false good 7

Becision nodes and leaf nodes (classes)

Young nun]ldlc old
I Has Iﬂh'ﬁ Own house? Credit rating?
' 75 7T~
true false far  good excellent
/’ \ ' | ™~
Yes No No Yes Yes
(3/3) (22) (/1) (22) (2/2)

\___ ANSWER IS NO: DO NOT GRANT THE LOAN!l/



How do we
actually
learn

decision
trees from
data?

Several Mlalgorithms with codere freely available

HoweveE ab 20 @& 2 dzNJ 0 dziheywerk 4 €
and how tousethem (although in Watson you will run a
few examples)

Decision trees have an advantage: they pro\Rdd_ES in
output. Expert users can inspect generated rules and
select those that seem more reliable and/or convincing

In general, in business it is always better to select data
mining algorithms that provide an EXPLANATION of their
learnedmodel. Deep (state of the art) ML algorithms are
black boxes!!

Interpretability is a recent research area in machine
learning

Fairness and bias are other relevant issues



Ly Oflaa SESNDABte® O

Cholesteral - eol ]
~ o L Note: the first
= |Oow = medium = high .
// | \\_\ numberis the
numerator of
ECG ECG Ex. test the support
AN N VAN the second the
= normal = irreqular = naormal = irregular = positive = negative numerator of
/ \ / \ / \\ the confidence
no (12.0) Ey test ves (7.002.0) ho {5.0/1.0) ves (7.0M1.0) no (3.0) Total 45examp|es
= positive = negative MO [ Aa G | f f 0KS AaNHzZ Sa¢ OGKIFGO KI
/ \ f SFNYySR oeé UuUKS Ift3aI32NANUKY ol aSR
no £3.001.0) ves (3.0) Histories, compute support and confidence for all rules

HO 2KIO Aa GKS aeaidsSyQa LINBRAOIU
with high cholesterol and negative exercise test?

G Of | @eld éf diabeteswith two values: yes or nd




Classification algorithms

A We have shown decision
trees because they easy to
Interpret

A Stateof-the-art

Output layer

classification algorithms are \;‘\.{ AV
much more complex, often L avi -
not based on logics. Rather, : N/ \a
they learn algebraic A\ //A\\’%
functions . .

(1) () 3) (4) (5) (6)

A Example: Neural networks
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A visual intuition of neural networks (2)

CE)

“Hidden layers”

784

Input are pixelsoutput are
numbersfrom O to 9.
What are thehiddenlayers?

RN

© 00 NO O W -=O

AR R NS

R .




A visual intuition of neural networks (3)




An intuition of neural networks (4)

Inner layer havea «hidden» meanin
but we canthink of them as«rec'ggfg r
of simplercomponent of the input.
Once theweightsare learned they activat
when the componentisrecognized

&

Ol W N = O

© 00N O




An Iintuition of neural networks (5)




A visual intuition of neural networks (6)

Layer 2 recognizes smallest
component, layer 3 more
complex

component.

HOWEVER this is an intuitive
explanation. We ¢ a nattually
tell the network does this..




Another visual intuition: face recognition

Deep Neural Network
| |

A= —
8= % M.l/;. \
A Z f :
S (,’1;0,_[[;; & \o;:’f’ K

o R X v
.”‘-':55‘:?;‘.(@.4"'@%
AR fﬁ,«*
e
2

l:;C \E‘i% : “ ‘
OO0 o
. >

= . __\ . o

Output Layer

Iann Layer ~ . ol - -

Hidden Layer 1 Hidden Layer 2 Hidden Layer 3

edges combinations of edges object models

HOWEVER this is an intuitive explanation. Wec a n 0 t
actually tellthe network does this..



Whatkind
of models
do these
algorithm
learn?

Several ofthe shelf and
deep algorithms learn a
model that is based on

an algebraic function

Modelsare often more
complexthat «lines» (as

for the studenta NJ R ¢
example




Learning fase

® o
* o -
very «point»isa
o o E t
S 3 patient,

o & g &3 representedby

) e his/ her valuesof
pressure and
& o O 0 cholesterol
'S o
& O

ﬁ : v P
Supposenve are givenexamplesf patientswith only two attributes,

pressure andholesterol Red argatientsthat endedup having
cardiovasculacomplications green argpatientswhoR A Ry Q (



Learning fase

—

The MODEthat the systentriesto learnfrom examplessa
«separating line (linear or more complex) f(xgeparatinghyperplaneif
multiple attributes)



Predictionphase

Givena new anseemn patient, the modelwill predict «at risk of
cardiovasculaproblems» if hisg’her P and valuesplace thepatient
abovethe learnedcurve,whichis calledDECISION BOUNDARY



Thiscan beextendedto multiple classes

Multi-class classification




And to multiple attributes




