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Non-trivial process of identifying valid, novel, potentially useful and ultimately
understandable patterns from data (Fayyad a kol., 1996)
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Dolovani dat:

— Prezenc¢ni forma: 13 prednasek a 12 seminarii,

— Kombinovana forma: 3 prednasky

 zakoncena zkousSkou




Stru¢na anotace predmétu

SLEZSKA

Proces dolovani dat
Dolovéani dat, tilohy dolovani dat, metodiky pro dolovani dat

Statistika v kontextu dolovani dat
Kontingenc¢ni tabulky, regresni analyza, diskriminacni analyza,
shlukova analyza

Strojové uceni

Zakladni pojmy, principy strojového uceni, typy strojového
uceni, formy strojového uceni, trénovaci data atributy, chybova
funkce

Metody dolovani dat

Rozhodovaci stromy, Rozhodovaci pravidla, Neuronové sité,
Genetické algoritmy, bayesovské metody, metody zalozené na
analogii

Evaluace modeli

kritéria, deskriptivni Glohy, klasifika¢ni Glohy, vizualizace
modelt, vizualizace klasifikaci, porovnavani modeld, volba
nejvhodnéjsiho algoritmu, kombinovani modelt

Piedzpracovani dat

Ptiprava dat, strukturovana data, vice vzajemné propojenych
tabulek, odvozené atributy, pfili§ mnoho objekti, ptilis mnoho
atributli, numerické atributy, kategoridlni atributy, chybé&jici
hodnoty
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Top Data Science, Machine Learning
Share of

Methods used in 2018/19 - KDnuggets Poll e

0% 20% 40% 60%

Regression

Decision Trees / Rules

Clustering

Visualization

Random Forests

Statistics - Descriptive

K-Nearest Neighbours

Time Series

Ensemble Methods

TextMining

PCA

Boosting

Neural Networks - Deep Learning

Gradient Boosted Machines

Anomah;_-" Deviation Detection
Meural Metworks - Convolutional..

Support Vector Machine (SVM)
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e dochazka na seminare min. 60% (10 % hodnoceni),

e zpracovani seminarni prace (30% hodnoceni),

— Analyza vybranych dat dle metodiky CRISP-DM pomoci metod dolovani dat (alespon 5 metod
celkové, z nichZ alespon 2 statistické a alespon 3 ze strojového uceni)

e zkouSka (60% hodnoceni)

Celkem maximum: 100

Pozadované minimum: 60
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Veskeré elektronické materialy je mozné nalézt na Skolni siti: L:\gorecki\public\NPDOD-NKDOD \
(pres https://raimundo.opf.slu.cz/NetStorage/ popr. files.opf.slu.cz)
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Povinna:
« BERKA, P. a GORECKI, J., 2017. Dolovani dat. Skripta SU OPF, Karvina.

« BERKA, P., 2003. Dobyvdni znalosti z databdzi. Praha: Academia. ISBN
80-200-1062-9.

Doporucena:
* CLARK, B., E. FOKOUE a H. H. ZHANG, 2009. Principles and theory for

data mining and machine learning. New York: Springer. ISBN 978-0-387-
98134-5.

« MURPHY, K. P.,, 2012. Machine learning: A probabilistic perspective.
London, England: The MIT Press. ISBN 978-0-262-01802-9.




Software Gartner
peerinsights
customers’

choice
2019
 MATLAB

— Statistics and Machine Learning Toolbox

— https://www.mathworks.com/solutions/data-science.html
— trial verze z mathworks.com

— Octave — free verze MATLABu

 Python
R
 RapidMiner
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4\ MathWorks:
{O ANACONDA.

@ rapidminer

The Thrill
of Solving

alteryx
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* Nejlépe vlastni

 UC Irvine Machine Learning Repository
https://archive.ics.uci.edu/ml/index.php

* Kaggle: Your Home for Data Science
https://www.kaggle.com/

 KEEL - dataset repository
http://www.keel.es/datasets.php
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Ing. Jan Gorecki, Ph.D.
gorecki@opf.slu.cz
A407

*  konzultace po domluvé emailem

Sekretariat Katedry informatiky a matematiky
A402
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 Definice ... T

e Historie ...

» Ulohy ... o,

. Pohledy na ... __ ... Dolovani dat

* Postupy (metodiky) ...
* Software pro ...
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Non-trivial process of identifying valid, novel, potentially useful and ultimately
understandable patterns from data (Fayyad a kol., 1996)




Dolovanidat mm%

(Knowledge Discovery in Databases, Data Mining, Pt
..., Knowledge Destilery, ....)

* Analysis of observational data sets to find unsuspected relationships and
summarize data in novel ways that are both understandable and useful to the
data owner (Hand, Manilla, Smyth, 2001)




Trocha historie
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Data

. site; W *Bayes’ Theorem (1763)
Statistics || .regression (1205)

~ Turing (1936)

+Neural Networks (1943)

+Evolutionary Computation
(1965)

#Databases (1970s)

*Genetic Algorithms (1975)

Computer
Age

*KDD (1989)

=SVIV 1992)

*Data Science (2001)
*Moneyball (2003)

*Big Data

TO d ay =Widespread adoption

D) Patil (2015)
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klasifikace/predikce: cilem je nalézt znalosti
pouzitelne pro klasifikaci novych ptipadu
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deskripce: cilem je nalézt dominantni strukturu
nebo vazby
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hledani ,,nugetu*: cilem je nalézt dili
prekvapive znalosti
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Pohled zpracovani dat

|

Sdection

Preprocessing

%@H

Target Preprocessed Transformed

data

l

Transformation

data

)

Data Mining

T

data

l

Interpretation

|

DL‘A

Patterns Enowledge
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Standardy pro dobyvani znalosti - Metodiky

KDD Process

1993
(Fayyad el al., 1986)

3 As
1896
[Martinez da Pisdn, 2003)

Human-Centered
1886
{Brachman & Anand, 1896)

SEMMA

KDD Roadmap
20
{Howard &t al., 2001)

1556
(SAS, 2008)

CRISP-DM

2000

(Chapman at al., 2003)

Two Crows
1948
{Two Crows, 1988)

1996

Annand & Buchner

{Anand & Buchnar, 1908)

=

Cabena et al.

1607
(Cabena et al, 1508}

Y

DMIE

2002
{Solarte, 2002)

RAMSYS
2001
(Moyle & Jorge, 2001)

Cios et al.

2000

(Cios el al., 2000)

(Marban a kol, 2009)

CRISP-DM 20 : -
Im consinsction :
[_GRISF'-DM. 2008) i
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Metodika SEMMA

NavrZena pro Enterprise Miner firmy SAS:

Sample (vybrani vhodnych objekt),
Explore (vizualni explorace a redukce dat),

Modify (seskupovani objektli a hodnot atributt,
datov¢ transformace),

Model (analyza dat: neuronové sité, rozhodovaci
stromy, statistické techniky, asociace a shlukovani),

Assess (porovnani modelu a interpretace).

Sample

Explore

Modify

Model

Assess
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b &t wEo rku —_—
dat
[
vizualizace shlukovani
dat asocisce
selekce awhafeni transformace
welifin dat
[ [
neuronowe rmodeby logisticke dalsi
Sité zaloZend rnodely statistické
na stamech modek

zhodnoceni

modely




Metodika CRISP-DM

V soucasnosti de-facto standard podporovany vétSinou systémil pro dobyvani znalst

Data
Mining
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KARVINE

1
Business i Data
Understanding § Understanding

'
Data !
Preparation J}l Modeling I

Determine
Business Objectives
Background
Business Objectives
Business Success
Criteria

Assess Situation

Inventory of Resources

Requirements,
Assumptions, and
Constraints

Risks and Contingencies|

Terminology

Costs and Benefits

Determine
Data Mining Goals
Data Mining Goals
Data Mining Success
Criteria

Produce Project Plan

Project Plan

Initial Assessment of
Tools and Techniques

Collect Initial Data
Initial Data Collection
Report

Describe Data
Data Description Report

Explore Data
Data Exploration Report

Verify Data Quality
Data Quality Report

Data Set
Data Set Description

Select Data
Rationale for Inclusion /|
Exclusion

Clean Data
Data Cleaning Report

Construct Data
Derived Attributes
Generated Records

Integrate Data
Merged Data

Format Data
Reformatted Data

Select Modeling
Technique

Modeling Technique

Modeling Assumptions

Generate Test Design
Test Design

Build Model
Parameter Settings
Models

Model Description

Assess Model

Model Assessment

Revised Parameter
Settings

Evaluation I

Evaluate Results
A of Data

Deployment I

Plan Deployment
Depl Plan

Mining Results w.r.t.
Business Success
Criteria

Approved Models

Review Process
Review of Process

Determine Next Steps
List of Possible Actions
Decision

Plan Monitoring and
Maintenance

Monitoring and
Maintenance Plan

Produce Final Report
Final Report
Final Presentation

Review Project
Experience
Documentation
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* pokryvaji cely proces dobyvani znalosti (od predzpracovani po
interpretaci),

* mnabizeji vice algoritmu pro analyzu (nez ,,jednotucelove”
systémy strojového uceni),

* kladou diiraz na vizualizaci (ve zpusobu prace se systémem 1
pi1 interpretaci vysledki).




Systémy pro dobyvani znalosti z databazi A%

UNIVERZITA

CBCHODNE PODNIXATELSKA
FAKULTA ¥V KARVINE

Gartner
peerinsights

customers’

choice
2019 ™

Top Analytics, Data Science, Machine Learning
Software 2017-2019, KDnuggets Poll

0% 10% 20% 30% 40% 50% 0% 70%

4\ MathWorks' b |

RapidMiner

RLanguage

{O ANACONDA.
@ rapidminer

alteryx |pepe

Excel
Anaconda
50l Language
Tensorflow
Keras
scikit-learn
Tableau

Apache Spark

W 2019 %share
B 2018 %share

M 2017 %share




MATLAB

e
4\ Classification Learner - Confusion Matrix

= [ B [ |

O
Ial:lEI Py Py 4 Py D 5 Advanced || Scatter Plot
- E Confusion Matrix
Import Feature Boosted Bagged Subspace  Subspace Train Export Mode!
i T Tr Discriminant KNN Curve
Data Selection s e sermnan E Roc View classifier perfformance in each class for the currently
FILE | FEATURES | GLASSIFIER | TRAINING | FLOTE | selected model
Data Browser ® J Confusion Matrix l ROC Curve 3% |
w History Overall Accuracy Confusion Matrix for: Ensemble
Tree o
88.4% 71.4%|
Complex Tree 824% Walkin '
s Overall Error 9 28.6%|
SVM
Linear SYM 638% iz ,, ClimbingStairs
SYM Summarize @
Fine Gaussian SVM 86.0% Per true class ©
i 0 Sitting
VM View percentages per true class 3
. . including True Positive Rates (TPR) ﬁ
I SR B IREES and Falss Negative Aates (FNR). Standing
M 11.3%| 1.5%
Coarse Gaussian SVM 68.0% La 0 o 0
T = ] VN9 0.0% | 0.0% | 0.0%
Fine KNN 832% DL ; i i
- \iew percentages per predicted WallBhmbing StaigtingStandind.aying TPR/FNR
KMNMN class including Positive Predictive Predicted class
Medium KNN 831% = [
KNN | ScatterPlot 3 |
Coarse KNM 773% Variable on X axis: Scatter Plot of humanActivityData for: Ensemble
Ensemble %l 1 1 -
L |||avg_total_acc_x_train - “
Bagged Trees 88.4% - - é .~ LY *
5 i Rt - .
w Current model Variable on Y axis: . ° -
Ldest e g R, o -t
Type: Ensemble avg_total_acc_y_train - =}
Preset: Bagged Trees ' = . .
Data Transformation: Mone o h
Legend k=1 .
Status: Trained e0e! 9‘ 0 ... i
Correctly classified o £ A
®  Waling & - .
P . -*
Climbing Stairs 050, | L L . L L
¢ Siting 0.4 02 0 02 04 06 08
avg_total_acc_x_train
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Rapid Miner

B <new process”> — RapidMiner@COYY

mm {1y Attribute filter does not match any attributes.
1@

@4 Nominal2Numeric... %

Eile Edit Process Tools View Help
T 1  : ] R .
TS EEY s PpIIB VTS
P overview 1 i1 1) & Pracess =] i =4 Paramelers 0 [ o [
B B fog 6o @ v« ¢ Birrocess » 9-@@@3-35!%9%"
—
i s LibSVM {Support Vector Machine (LibSy
Main Process
Retricve MissingValug.., Mo Big.. Nominal2Hurm.., svm type
inp ) a ot exa e exa A C . res
B Operators | ' ] kemel type _
| 8 Repositories @ 4 b7 =4 |.F——-&' b
R d-9 4 = :;m e/ o gamma 22644346174132
B G data inece) g e P — Q modfy— c 8579588381843
[ Golf inene - v1) @ o eaf)
Golf-Testset (nene - v pre [y o epsilon
o
Labor-Megofiations nons - [[] calcutate confidences
Market-Data norz - w1}
Polynomial jnone - v1
Ripley-Set inone - v1)
Sonar (none - v1)
Transactions (none - «1) /i) 4 hidden expert parameters
| 8 weighting (nore - v1)
B CeS585 nore) =
& Li?;m o ~ Comment
B} & LaptopSMCOnderzoek =inzve) € Help -
O B @
AProviems 5 Log Q Support Vector 2
% 2potental provlems Machine (LibSVM)
... Message .. [Fies .. Location
£1\ Attribute filter does not match any attributes. Select all atfributes. #4 Nominal2Binomin...
Select all attributes.
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Python (Orange)

[ Show indewes
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R

SLEZSKA
o= UNIVERZITA
L houdio T TN TSRS TS O TR ST R EER  SSS——L——L———h—hbbhaaaaane A wes openobNE PODNIXATILSEA
File Edit Code View Plots Session Build Debug Tools Help FAKULTA V KARVINE
Ql-ler-l H = legl | Addins ~ &) project: (None) =
{3 Section_3.R* | Environment  History (|
5 T Gl - - =
__ & | | [ Source on Save Q = [=#Run | 5% | [ # Source = e Y s e [ \howes =
35 gg<-gg + theme(axis.text.x=element_text(color = "chocolate"”, = o 5 = = —
36 vjust=0.45),axis. text.y-element_text(color - "brownl”, & & zoom | Hexport- | @ | % Publish | (S
37 vjust=0.45)) -
38 Price by Carat
39 gg
40 - .
41 5
42 L\)
43 -
44 =5
45 3 .
46 3 4 . .
48 | - . .
49 o | m ] » - % -
43:1 (Top Level) = R Script =

Console -/ = 3

> gg<-gg+ggtitie( Dilamond Carat & Price”) T

> gg S

> gg<-gg+labs{"Diamond Carat & Price")

= g9

> #adding theme to the plot 2

> gg<-gg+theme(plot.title= element_text(size = 20, face = "bold"))

> a9

> gg<-gg+labs(x="Price in pollar", y="carat", title="price by carat",

+ color="red")

= g9 . - L

> gg<-gg+theme(axis.ticks.y=element_blank(), 1

+ axis.text.y=element_blank())

> g9

> gg<-gg + theme(axis.text.x=element_text(angle=50, size=10, vjust=0.5))

> g9 =

> gg<-gg + theme(axis.text.x=element_text(color = "chocolate", o

+ vjust=0.45) ,axis. text.y=element_text(color = "brownl", ' ! Ve iz

+ vjust=0.45)) @ & e

= gg \Q ~

L L

= Price in Dollar
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* Segmentace a klasifikace klienti banky (napf. rozpoznani problémovych nebo
naopak vysoce bonitnich klientu),

* Predikce vyvoje kursii akeii,

» Predikce spotteby elektrické energie,

* Analyza pficin poruch v telekomunikacnich sitich,

* Analyza divodi zmény poskytovatele néjakych sluzeb (internet, mobilni telefony),
* Segmentace a klasifikace klientl pojiStovny,

e Urceni pficin poruch automobild,

* Rozbor databaze pacientil v nemocnici,

* Rozpoznani ¢innosti uzivatele pomoci senzori z mobilniho telefonu.
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Machine learning uses data and produces a program to perform a task

Task: Human Activity Detection

@andard Approach & \

A }E Machine Learning Approach A. }E
® == *

Computer I|§ Machi_ne Iﬁ
e Program . —Tanos Learning .
i L)

Ee— [e—
Hand Written Program Formula or Equation
e >P'5 " Vactivity model: Inputs — Outputs
|fY_at2:2 532.1' r;i;acc >5 | gif;‘ﬁﬁ N FaYace ———
then “STANDING

model = < Learning >(sensor_data, activity)

K . / \ Algorithm ‘

https://www.mathworks.com/videos/machine-learning-with-matlab-100694.html?elqsid=1569409667237 &potential use=Education




Rozpoznani Cinnosti uzivatele A%
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Example: Human Activity Learning Using Mobile Phone Data e

° 4\ Classification Learme - Scatter Plot
Advanced [T Scatter Piot
D @ e [E] ¢ o > @ G ¥
ot Fasture Boosted | Bageed | Subsoece  Subepace Tran e i
Dats  Selecton Troes (NSNS Oworisieat  IOM [ Roc curve | -
.'.:l L} m s, = o “- + o MM;Q - 7! ~ il -~ 4 . 7. = n
s [ d Data Browser 5] Scatter Plot
- ¥ History Variable on X axis:
. - Machine == - Scatter Plot of humanActi
4 i avg_body_gyro_x_test 04
e Learning Linear SVM 864% 035 =
% SVM Variable on ¥ axis:
N BoxConstraint = 3 871% 03
® == stdv_total_sec_y_test - &
’ Fine KNN 9% .
s 025 !
KNN =
NumMNeighbors = 2 907% b e 8 .
3 waking | o
KNN 1 Climbing Stairs > 02 x -
NumNeighbors = 1 1% ‘ *  Sitting § % /s t
© e— KNN = x :
—— NumMeighbers = 2 9n7% H 2015 4 %
Ensemble )| | Misclassified - true class is >! » ¥ 3’&
Numlesrners = 100 959% -| | X waking 2
ClimbingStairs 0.1
w Current model Sitting .
a
Type: Ensemble
Data: T oo ;
Data Transformation: None .- .
= Status: Trained 4 Show Classifier Results ?
0
» 3-axial Accelerometer data a |

» 3-axial Gyroscope data

https://www.mathworks.com/videos/machine-learning-with-matlab-100694.html?elqsid=1569409667237 &potential use=Education



Dékuji za pozornost

Nekteré snimky pievzaty od:

prof. Ing. Petr Berka, CSc. berka@vse.cz
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