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Machine Learning

A Machine Learning (ML) i computer
algorithms/machines that learn predictive models
from class-labeled data
fearly rule I earning algor

| early decision tree learning algorithms since 1970s:
ID3 (Quinlan 1979), é

| early regression tree learners CART (Breiman et al.
1984), e
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Machine Learning

Person Age Spect. presc. Astigm. Tear prod. Lenses
o1 17 myope no reduced NONE
02 23 myope no normal SOFT
03 22 myope yes reduced NONE
04 27 myope yes normal HARD
05 19 hypermetrope no reduced NONE

06-013

014 35 hypermetrope no normal SOFT
015 43 hypermetrope yes reduced NONE
016 39 hypermetrope yes normal NONE
017 54 myope no reduced NONE
018 62 myope no normal NONE
019-023 .
024 56 hypermetrope yes normal NONE
data

knowledge discovery
from data

Machine Learni% ﬁ.

classificatianodel

Given: class-labeled data (e.g., transaction data table,
relational database, text documents, Webpages, ¢€&)
Find : a classification model, able to predict new instances



Machine learning: An illustrative
example

Person Age Spect. presc. Astigm. Tear prod. Lenses
O1 17 myope no reduced NONE
02 23 myope no normal SOFT
(OX] 22 myope yes reduced NONE
o4 27 myope yes normal HARD
05 19 hypermetrope no reduced NONE

06-013 .
014 35 hypermetrope no normal SOFT
015 43 hypermetrope yes reduced NONE
016 39 hypermetrope yes normal NONE
017 54 myope no reduced NONE
018 62 myope no normal NONE

019-023 .
024 56 hypermetrope yes normal NONE

Machine learning

tear prod.

Nﬁ)rmal

reduced /

NONE

lenses=NONE Y tear production=reduced
lenses=NONE Y tear production=normal AND astigmatism=yes AND
spect. pre.=hypermetrope
lenses=SOFT Y tear production=normal AND astigmatism=no
lenses=HARD Y tear production=normal AND astigmatism=yes AND
spect. pre.=myope

lenses=NONE Y

no/

astigmatism

SOFT

myope /

spect. pre.

HARD

\hypermetrope

NONE




Machine Learning

Person Age Spect. presc. Astigm. Tear prod. Lenses knowle dge d | SCOVGI’y

o1 17 myope no reduced NONE

02 23 myope no normal SOFT from data

03 22 myope yes reduced NONE

o4 27 myope yes normal HARD L

05 19 hypermetrope no reduced NONE \\
06-013 . .

014 35 hypermetrope no normal SOFT M aCh Ine I—earn I ng

015 43 hypermetrope yes reduced NONE

016 39 hypermetrope yes normal NONE

017 54 myope no reduced NONE

018 62 myope no normal NONE . .
019-023 .. classificatiomoded

024 56 hypermetrope yes normal NONE

data

Given: class-labeled data (e.g., transaction data table,
relational database, text documents, Webpages, ¢€&)
Find : a classification model, able to predict new instances

new unclassified insta \ classified instance g\
: P
black box classifier symbolimodel§ -

no explanation explanation ¢} . |




Why learn and use black -box models

Given: the learned classification model
(e.g., linear classifier,deepneur al net wor

Find: - the class label for a new unlabeled instance

new unclassified instanc N\ classified instance

Advantages:
- best classification results in image recognition
and other complex classification tasks

Drawbacks:
- poor interpretability of results
- can not be used for pattern analysis



Why learn and use symbolic models

Given: the learned classification model
(a decision tree or a set of rules)

Find: - the class label for a new unlabeled instance

new unclassified instance classified instance

Advantages:
- use the model for the explanation of classifications of
new data instances
- use the discovered patterns for data exploration

Drawbacks:
- lower accuracy than deep NNs



First Generation Machine Learning

A First machine learning algorithms for
I Decision tree and rule learning in 1970s and early 1980s
by Quinl an, Mi chal s ki et a
A Characterized by
I Learning from data stored in a single data table
I Relatively small set of instances and attributes

A Lots of ML research followed in 1980s

I Numer ous conferences | CML ,
sessi ons at A | conferences

I Extended set of learning tasks and algorithms
addressed



Multi -class Learning Task

Person Age Spect. presc. Astigm. Tear prod.| Lenses
Ol 17 myope no reduced NONE
02 23 myope no normal SOFT
O3 22 myope yes reduced NONE
o4 27 myope yes normal HARD
05 19 hypermetrope no reduced NONE

06-013
014 35 hypermetrope no normal SOFT
015 43 hypermetrope yes reduced NONE
016 39 hypermetrope yes normal NONE
017 54 myope no reduced NONE
018 62 myope no normal NONE

019-023 no
024 56 hypermetrope no normal NONE

Several class labels of training examples of a single Target
attribute



Binary Classification

Person Age Spect. presc. Astigm. Tear prod.| Lenses
Ol 17 myope no reduced NO
02 23 myope no normal YES
O3 22 myope yes reduced NO
o4 27 myope yes normal YES
05 19 hypermetrope no reduced NO

06-013 ..

014 35 hypermetrope no normal YES
015 43 hypermetrope yes reduced NO
016 39 hypermetrope yes normal NO
017 54 myope no reduced NO
018 62 myope no normal NO
019-023 ..
024 56 hypermetrope yes normal NO

Binary classes
A positive vs. negative examples of Target class
A Concept learning i binary classification and class description
- for Subgroup discovery i exploring patterns
characterizing groups of instances of target class



Multi -target Classification

Person Age Spect. presc. Astigm. Tear prod.
o1 17 myope no reduced
o2 23 myope no normal
O3 22 myope yes reduced
4 27 myope yes normal
05 19 hypermetrope no reduced

06-013 .
014 35 hypermetrope no normal
015 43 hypermetrope yes reduced
016 39 hypermetrope yes normal
017 54 myope no reduced
018 62 myope no normal

019-023 .
024 56 hypermetrope yes normal

Multi target classification
I each example belongs to several Target classes



Learning from Numeric Class Data

Person Age Spect. presc.| Astigm. Tear prod. LensPrice
o1 17 myope no reduced 0
02 23 myope no normal 8
03 22 myope yes reduced 0
04 27 myope yes normal 5
05 19 hypermetrope no reduced 0

06-013

014 35 hypermetrope no normal 5
015 43 hypermetrope yes reduced 0
016 39 hypermetrope yes normal 0
017 54 myope no reduced 0
018 62 myope no normal 0
019-023
024 56 hypermetrope yes normal 0

Numeric class values T regression analysis



Example regression problem
A data about 80 people: Age and Height

Age ([ Height
5 3 1.03
$o3 L P Ny tpt o 5 119
;:"’ :°.;:s ¢ %’.’o} R 5 1.26
15 ‘} g | 139
£ 15 | 169
5 2 ' 19 | 167
72 | 1.86
0.5 75 | 1.85
* Height 41 159
0 T I 483 160
0 50 100 54 | 1.90
Age 71 187




Baseline numeric model

A Average of the target variable
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Age

Baseline numeric predictor

A Average of the target variable is 1.63
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Linear Regression Model

Height = 0.0056 * Age + 1.4181
2.5
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Regression tree
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Model tree

==12.5
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+ 1.1366
2 X s Qe (S L 23 *
é"_.k’- gmmi 0‘ - ? !
15 ¢ oo .”’0 oo %o 00 ¢
L
(@)
5 1%
T
0.5 + Height
= Prediction
O | | | |
0 20 40 60 80 100

Age

=12.5

—

Height =
0.0011 * Age
+ 1.6692



KNN T K nearest neighbors

A Looks at K closest examples (by age) and predicts the
average of their target variable

A K=3
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Machine Learning and Data Mining

A Machine Learning (ML) i computer
algorithms/machines that learn predictive
models from class-labeled data

A Data Mining (DM) i extraction of useful
Information from data: discovering relationships
and patterns that have not previously been
known,

I sometimes used to denote the use of ML techniques
applied to solving real-life data analysis problems

20



Data Mining

data
Person Age Spect. presc. Astigm. Tear prod. Lenses kﬂOWledge discovery
o1 17 myope no reduced NONE
02 23 myope no normal SOFT from data
03 22 myope yes reduced NONE
04 27 myope yes normal HARD
05 19 hypermetrope no reduced NONE
06-013 4.3
014 35 hypermetrope no normal SOFT Data Mlnlng
015 43 hypermetrope yes reduced NONE
016 39 hypermetrope yes normal NONE
017 54 myope no reduced NONE
018 62 myope no normal NONE
019-023
024 56 hypermetrope yes normal NONE
data

Given: class labeled or non-labeled data
Find : a set of interesting patterns, explaining the data

),
s

’Poland’ (A4),

target(A) :-
’Germany’ (4),

target(A) :-
’Service’ (A),

’Italy’ (A).

YGold’ (A).

’Deposit’(A), Gold?(A).

’Insurance’ (A) .

’Germany’ (A) .

symbolipatterns

explanation

patterns

21
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Knowledge Discovery in Databases

A Buzzword since 1996

AKDD is defined as fdthe |
valid, novel, potentially useful and ultimately
understandabl e mode*l s/ p:

Usama M. Fayyad, GregoipiateskyShapiro,PedhraicSmyth: The KDD Process for Extracting
Useful Knowledge form Volumes of DataommACM, Nov 96/Vol 39 No 11
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KDD Process

KDD process of discovering useful knowledge from data

MANUAL

PREPROCESSING

W

SELECTION

n —
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e
ey
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DATA MINING
H N
[
EVALUATION

e
'-\-\_.. -
—— _——

Background
knowledge

TRANSFORMATION

MACHIME LEARNING

__] " -
. - Preprocessed ' Transformed ' Models
Data [ data ] data [ Patterns Knowledge

A KDDis defined as fithe proces:
potentially useful and ultimately understandable models or

patternsi n dat a. o

A KDD process involves several phases:
I data preparation
i machine | earning, data mining, S
I evaluation and use of discovered patterns
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KDD Process

KDD process of discovering useful knowledge from data

MANUAL

PREPROCESSING

Tt
II II .r

1\

- =
'. -:-._ . !
; l Background

knowledge

- - Preprocessed - Transformed Models
Data I data ] data [ Patterns Knowledge

SELECTION

DATA MINING
|

EVALUATION

TRANSFORMATION
MACHIME LEARNING

A KDDi s defined as fithe process
potentially useful and ultimately understandable models or
patternsi n dat a. o

A Machine Learning (ML) / Data Mining (DM) is the key step in
the KDD process

I performed using machine learning or pattern mining techniques for
extracting classification models or interesting patterns in data

I this key step represents only 15%-25% of entire KDD process
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Second Generation Machine Learning

A Developed since 1990s:

I Focused on data mining tasks characterized by large
datasets described by large numbers of attributes

I Industrial standard: CRISP-DM methodology (1997)

()
MANUAL

PREPROCESSING

SELECTION
|II ..' .

TRANSFORMATION
DATA MINING

n
EVALUATION

knowledge

MACHINE LEARNING

eeeeeeeee

I New conferences on practical aspects of data mining
and knowledge discovery: K

I New learning tasks and efficient learning algorithms:

A Learning predictive models: Bayesian network learning,,
relational datamining, st ati sti cal rel ati ¢

A Learning descriptive patterns: association rule learning,
subgroup discovery, €



Relational Data Mining

customer
ID |Zip |S [So[In |A[C] [Re .
/ Cx|St_jcome BE[ub [ knowledge discovery
347834677 |m |si 60-70[32|me |nr from data
3479|43666|/f |ma|80-90|45|nm|re
/ order . 3.9
R N Relational Data Mining
3478 [2140267(12  \ |regular |cash
3478 3446778|12 express [check
3478 4728386/ 17 regular |check
3479 323344417 xpress |credit
3479 347588612 kig-ula.r credit m Od el y patte rn S y
e
\ store
Store ID|Size [Type Location
12 small :f;.anchiae cnty

17 large |indep  |rural

Relational representation of customers, orders and stores.

Given: a relational database, a set of tables, sets of logical
facts, agraph, &
Find: a classification model, a set of patterns



Relational Data Mining

A ILP, relational learning,
relational data mining

I Learning from complex
relational databases

customer

Zip |S |So |In
€X (S |come gelyh

A [Cl [Re
BY

3478|34677|m |si  |60-T0|32|me [nr
3479 |43666/f |ma 80-90(45(nm{re

/ order

Customer [Order |Store |Delivery [Paymt

D D D \ Mode ~ [Mode

3478 214026712 \ regular |cash

3478 3446778(12 express |check

3478 4728386(17 regular  |check

3479 3233444(17 xpress |credit

3479 3475886(12 gular  |credit

stare

Store ID[Size [Type |Location
12 small (franchise city
17 large |indep  [rural

Relational representation of customers, orders and stores.




Relational Data Mining

A ILP, relational learning,
relational data mining

I Learning from complex
relational databases

I Learning from complex
structured data, e.qg.
molecules and their
biochemical properties

Mutagenesis

Molecule [

3478|34677|m |si  |60-T0|32|me [nr
3479 |43666/f |ma 80-90(45(nm{re

/ order
Customer [Order [Store |Delivery [Paymt
D 1D D} |Mode ~ |Mode
3478 214026712 \ regular |cash
3478 3446778(12 express |check

3478 4728386(17 regular  |check
349 [3233444(17 gixpres credit
ar

3479 347588612

stare

Store ID[Size [Type |Location

12 small (franchise city
17 large |indep  [rural

Relational representation of customers, orders and stores.



Relational and Semantic Data Mining

A ILP, relational learning, Al
relational data mining It [

/ order

I Learning from complex Mutagenesis o 5 ey e |
relational databases [

| Learning from complex

3478 2140267(12 \ regular  |cash
T8 3446778(12 express |check
3478 4728386(17 regular |check

3479 323344417 ress  |credit
79 3475886(12 ar  |credit

store

structured data, e.qg.

Store ID[Size [Type [Location

12 small {franchise city
17 large |indep  rural

molecules and their

biochemical properties
I Learning by using
domain knowledge in the

form of ontologies =
. . . G0:0006520
SemantIC data mlnlng amino acid biogenic amine

Relational representation of customers, orders and stores.

G0:0009308
amine metabolism

G0:0006576

G0:0009309
metabolism metabolism

amine bio-
ynthsis
G0:0008652
amino acid G0:00042401

biosynthesis biogenic amine synthesis




Using domain ontologies

Using domain ontologies as background knowledge, e.qg.,

using the Gene Ontology (GO)

AGO is a database of terms, describing gene sets in terms

of their

I functions (12,093)

I processes (1,812)

I components (7,459)
AGenes are annotated

to GO terms
ATerms are connected

(Is_a, part_of)
ALevels represent

terms generality

G0:0009308
amine metabolism

G0:0009309

G0:0006520 amine bio- G0:0006576
amino acid : biogenic amine
ynthsis .
metabolism metabolism
G0:0008652
amino acid @ co:00042401
biosynthesis biogenic amine synthesis



Semantic Data Mining: Using ontologies as
background knowledge in RDM

¢ domain
- | ontologies

target (A) :-
’Doctor’ (A), ’Italy’(4).

annotations, dSema_nt_lc mgdel,
mappings ata mining .| patterns
target(4) :-
leen : ’Service’ (A), ’Germany’(A).
= transaction data table, relational database,
[ data } text documents, Webpages, €

= one or more domain ontologies
Find: a classification model, a set of patterns



Subgroup

A Data transformation:

I binary class values (positive vs.

negative examples of Target
class)
A Subgroup discovery:

I atask in which individual
Interpretable patterns in the
form of rules are induced from
data, labeled by a predefined
property of interest.

A SD algorithms learn several
Independent rules that
describe groups of target
class examples

I subgroups must be large and
significant

32

Person Age Spect. presc.  Astigm. Tear prod.| Lenses
o1 17 myope no reduced NO
02 23 myope no normal YES
03 22 myope yes reduced NO
04 27 myope yes normal YES
05 19 hypermetrope no reduced NO

06-013 "
014 35 hypermetrope no normal YES
015 43 hypermetrope yes reduced NO
016 39 hypermetrope yes normal NO
017 54 myope no reduced NO
018 62 myope no normal NO

019-023 .
024 56 hypermetrope yes normal NO
Class A Class B




SD algorithms in Orange DM Platform

A Orange data mining

toolkit
I classification and subgroup
discovery algorithms
I data mining workflows

T visualization

_for=; ecghly=no -» class=em|
0.3 D_chol=¢=6.90 D_fibr=>4.20 hypa=no -> clazs=em
0.38 [_age=366.00 fthiz=pes -» class=emb
[_age=»B6.00 D_chol=<=6.90 > class=emb

A SD Algorithms in Orange
i SD (Gamberger & Lavral, JAI
i Apriorr-SD ( Kavgek & Lavral, AAI
i CN2-SD ( L a val, aMLR 2004)
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Second Generation Data Mining
Platforms

Orange, WEKA, KNIME, RapidMiner, é

I Include numerous data mining algorithms

I enable data and model visualization

I like Orange, Taverna, WEKA, KNIME, RapidMiner,
also enable complex workflow construction
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Data Mining Workflows for
Open Data Science

Workflows are executable visual representations of
procedures

I divided into smaller chunks of code (components)

I organized as sequences of connected components.
Suitable for representing complex scientific pipelines
I by explicitly modeling dependencies of components

Building scientific workflows consists of simple operations on
workflow elements (drag, drop, connect), suitable for non-
experts

r1—LL
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Big Data

A Big Data i Buzzword since 2008 (special
Issue of Nature on Big Data)

| data and techniques for dealing with very
large volumes of data, possibly dynamic
data streams

I requiring large data storage resources,
special algorithms for parallel computing
architectures.

36



The 4 Vs of Big Data
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