


Co je to Data Mining?

Data mining (DM), nebo také
dolovani z dat Ci vytézovani dat, je
analyticka metodologie ziskavani
netrivialnich skrytych a potencialnée
uzitecnych informaci.



Aplikace

Bankovnictvi: schvalovani uvérd/kreditnich karet
Predikce dobrych zakaznikd.

CRM:

Identifikace zakaznikd, ktefi maji v Umyslu prejit ke konkurenci.
Cross-selling.

Up-selling.
Cileny marketing:

Identifikace pravdépodobnych respondentt na nabidku.
Detekce fraudu: telecomunikace, financni

transakce
Online identifikace podvodného chovani.



Aplikace

Medicina: efektivita IeéCebné péce
Analyza pacientovy historie (predchozi nemoci a
jejich prlibéh): nalezeni vztahu mezi nemocemi.

Farmacie: identifikace novych Iékl

Védecka analyza dat:
Identifikace novych galaxii.

Design webovych stranek:

Nalezeni vztahu navstévnika stranek a prislusna
zmena podoby stranek.



Aplikace

Rozpoznavani psaného textu, reci, obrazkd.

Supermarkety
Identifikace soucasné nakupovaného zbozi
Primysil:

automatigké prenastaveni ovladacich prvk{ pri zméné
parametru procesu.

Sport:
NBA-optimalizace herni strategie
dalsi...



Aplikace - Rozmisteni zbhozi v
supermarketech

Cil: identifikovat zbozi, ktere je

nakupovano soubézné dostatecnym
mnozstvim zakaznikd.

Vysledek: Jestlize zakaznik
nakupuje détske pleny a mléko, pak
si velmi pravdépodobné koupi i pivo.



Aplikace - Rozmisteni zbhozi v
supermarketech




Data mining a princip indukce
Indukce vs. Dedukce

Dedukce zachovava platné vztahy:
Koné jsou savci.
VSichni savci maiji plice.
Proto plati, ze vSichni koné maji plice.

Indukce pridava informace:
VSichni doposud pozorovani koné maiji plice.
Proto plati, ze vsSichni koné maji plice.



Problem s indukci

Z platnych faktd mtzeme vyvodit nepravdivé
tvrzeni (model).

Priklad:

Evropske labute jsou bilé

Indukce: ,Labuté jsou bile” jakozto obecné
pravidlo.

Objevenim Australie se objevili i Cerné
labuté...

Problém: mnozina pozorovani nebyla
nahodna a tudiz reprezentativni.



Data mining —-podpora business
rozhodnuti

A
Increasing potential

to support

business decisions Making End User
Decisions

Data Presentation Business

Analyst

Visualization Techniques

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




Historie nazvu

1960 Data Fishing, Data Dredging (bagrovani):
uzivano statistiky

1989 Knowledge Discovery (KD, KDD):
uzivano komunitou zabyvajici se umélou
inteligenci a strojovym ucenim

1990 Data Mining (DM):
uzivano v komercni sfére a databazové komunité

DalSi nazvy: Data Archaeology, Information Harvesting,
Information Discovery, Knowledge Extraction, ...



Data mining — nutnost?

; Nejvetsi svetove databaze

" Size of the Largest Data Warchouse vr. 2005

o the WeterCop oten™ sy f e Max Planck Inst. for
Meteorology @~ 222 TB

ol ; e Yahoo ~ 100 TB
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Data mining — nutnost?
Terabytes -- 10~12 bytes: data obchodnich retézcd, bank,...
Petabytes -- 10”15 bytes: geograficka data

Exabytes -- 10~ 18 bytes: narodni databaze zdravotnich
zaznamd

Zettabytes -- 10”21 bytes: databaze meteo-snimkd

Zottabytes -- 1024 bytes: video-databaze



?

- nutnost

Data min




Proc data mining? Proc¢ dnes?

Data jsou produkovana
Data jsou skladovana
Vypocetni sila je dostupna

Vypocetni sila je cenove dostupna
Konkurencni tlak je velice silny
Komercni produkty jsou k dispozici



Data mining vs. Statisticka analyza

Data Mining

Plvodné vyvinuto pro expertni
systémy automaticky resici
zadané problémy.

Neklade takovy dliraz na presné
porozumeni pouzité metody.

Pokud néco dava smysl, pak to
pouzijme!

Zadné predpoklady o datech.
Funguje i pro velmi rozsahla
data.

Vyzaduje porozuméni problému z
datovému a business pohledu.

Statisticka analyza

Testuje se statisticka
korektnost modelu.

Jsou statisticke predpoklady
modelu modelu splnény?

Testovani Hypotéz.
Intervalové odhady.
Pracuje se s vybérem hodnot.

Standardni metody nejsou
optimalizovany pro rozsahla
data.

Vyzaduje pokrocilé statisticke
znalosti.



Data mining

Proces (polo-) automaticke analyzy
(rozsahlych) databazi k identifikaci vztahd,
ktere jsou:

validni: plati na novych datech s urcitou
jistotou obecné platnosti

nové: doposud nezname
uziteCné: daji se v praxi néjak pouzit

srozumitelné: (vzdy) se nalezeny vztah da
n€jak vysvetlit



Data mining neni:

Brutalni hromadné
zpracovani dat.

T

Slepé pouziti
algoritmd.

Hledani vztahtl tam,
kde zadné neexistuji.




Zname = Zajimave

Zajimave jsou ty
vztahy, které se liSi

MIl¢ko a )
cerealie
prodavej

od obecm’/ch dohromady)/
ocekavani

Data, mining se Micko a )
vyplaci prave diky ceredlie
objevovani dosud prodavej
neznamych a dohromady!)

prekvapivych vztah(




Vztah s ostatnimi disciplinami

Database Statistics
Technology
Machine ) . . L
\e e * Data Mining Visualization
Information Other
Science Disciplines




Data mining -proces
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Vybér Dat '
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Cisténi dat
Integracedy




Data Mining Methodology (Aug 2007)

What main methodology are you using for data mining?

CRISP-DM (63) I, 27
My own (29) B 9%

SEMMA (19) B 3%

KDD Process (11) B 7%

My organizations' (8) 1 5%

Domain-specific methodology (7) B | 5%

Other methodology, not domain-specific (6) [N 4%

None (7) B | 5%



CRISP-DM

(CRoss Industry Standard Process for Data Mining)

1. pochopeni
obchodnich souvislosti

2. pochopeni dat

3. pfiprava dat
4. modelovani
5. vyhodnoceni modelu

6. nasazeni modelu do ;
obchodniho procesu

Data
Understanding

Modelling




SEMMA
(Sample, Explore, Modify, Model, Assess)

« Sample (optional) your data by extracting a portion of a large data set big enough to contain the significant information, yet small enough to manipulate
quickly. For optimal cost and performance, SAS Institute advocates a sampling strategy, which applies a reliable, statistically representative sample of large
full detail data sources. Mining a representative sample instead of the whole volume reduces the processing time required to get crucial business
information. If general patterns appear in the data as a whole, these will be traceable in a representative sample. If a niche is so tiny that it's not
represented in a sample and yet so important that it influences the big picture, it can be discovered using summary methods. We also advocate creating
partitioned data sets with the Data Partition node:

Training -- used for model fitting.

Validation -- used for assessment and to prevent over fitting.

Test -- used to obtain an honest assessment of how well a model generalizes.

« Explore your data by searching for unanticipated trends and anomalies in order to gain understanding and ideas. Exploration helps refine the discovery
process. If visual exploration doesn't reveal clear trends, you can explore the data through statistical techniques including factor analysis, correspondence
analysis, and clustering. For example, in data mining for a direct mail campaign, clustering might reveal groups of customers with distinct ordering patterns.
Knowing these patterns creates opportunities for personalized mailings or promotions.

* Modify your data by creating, selecting, and transforming the variables to focus the model selection process. Based on your discoveries in the exploration
phase, you may need to manipulate your data to include information such as the grouping of customers and significant subgroups, or to introduce new
variables. You may also need to look for outliers and reduce the number of variables, to narrow them down to the most significant ones. You may also need
to modify data when the "mined" data change. Because data mining is a dynamic, iterative process, you can update data mining methods or models when
new information is available.

* Model your data by allowing the software to search automatically for a combination of data that reliably predicts a desired outcome. Modeling techniques
in data mining include neural networks, tree-based models, logistic models, and other statistical models -- such as time series analysis, memory-based
reasoning, and principal components. Each type of model has particular strengths, and is appropriate within specific data mining situations depending on the
data. For example, neural networks are very good at fitting highly complex nonlinear relationships.

¢ Assess your data by evaluating the usefulness and reliability of the findings from the data mining process and estimate how well it performs. A common
means of assessing a model is to apply it to a portion of data set aside during the sampling stage. If the model is valid, it should work for this reserved
sample as well as for the sample used to construct the model. Similarly, you can test the model against known data. For example, if you know which
customers in a file had high retention rates and your model predicts retention, you can check to see whether the model selects these customers accurately.
In addition, practical applications of the model, such as partial mailings in a direct mail campaign, help prove its validity.



Phases in the DM Process (1 & 2)

Business
Understanding:
Statement of Business

Objective Data Understanding
Statement of Data Explore the data and
Mining objective verify the quality
Statement of Success Find outliers

Criteria



Faze DM procesu (3)

Priprava dat:

Obvykle zabira pres 90% celkové casu
Sbér dat

Konsolidace a cCisténi

Vazebni tabulky, agregace, chybéjici
hodnoty, ...

Selekce
Ignorovani neuziteCnych dat?
Odlehla pozorovani?
Vybér dat?
Vizualizacni nastroje.

Transformace — vytvareni novych
odvozenych promennych




Phases in the DM Process (4)

Model building

Selection of the modeling
techniques is based upon the
data mining objective

Modeling is an iterative
process - different for

supervised and unsupervised
learning




Zakladni pristupy k modelovani

Prediktivni:
Regrese/ Klasifikace
Analyza Casovych rad
Deskriptivni:
Klastrova analyza
Asociacni pravidla
Detekce deviaci/zlom{



Klasifikace

Na zakladé znamych udajl o ,starych" zakaznicich a
jejich platebni moralce mame predikovat platebni
zpUsobilost nového zadatele o Uvér.

p— Rozhodovaci
Pfedchozi zdkaznici Klasifikator pravidlo
Ptijem > x
Vek ,
Prijem — — @ |
Zameéstnani —>
Bydliste TN
Typ zékaznika /
Data nového zadatele



Klasifikacni metody

Cil: Predikovat tridu Ci = f(x1, x2, .. Xn)

Regrese: (linearni nebo polynomialni)
a*x1l + b*x2 + c = Ci.

Rozhodovaci stromy

Pravdépodobnostni modely (GLM)

Neuronove sité



Klastrova analyza

Mame nalézt skupiny/ klastry stavajicich zakaznikt na
zaklade platebni historie tak, aby podobni klienti byli ve
stejné skupiné/ klastru.

Zakladni pozadavek: Kvalitni mira podobnosti
(http://cs.wikipedia.org/wiki/Shlukova_analyza).
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http://cs.wikipedia.org/wiki/Shlukov

Klastrovaci metody

Hierarchicka klastrové analyza
agglomerativni / divizivni

Jednospojova (single link) /vSespojova
(complete link)

K-means



Phases in the DM Process (5)

Model Evaluation

Evaluation of model: how well it
performed on test data

Methods and criteria depend on
model type:
e.g., coincidence matrix with

classification models, mean error rate
with regression models

Interpretation of model: 1mportant
or not, easy or hard depends on
algorithm




Phases in the DM Process (6)

Deployment

Determine how the results need to be
utilized

Who needs to use them?
How often do they need to be used

Deploy Data Mining results by:
Scoring a database

Utilizing results as business rules
interactive scoring on-line




Miningovy software

Cca 20 az 30 dodavatell

Hlavni hraci na trhu:
Clementine,
IBM’s Intelligent Miner,
SGI's MineSet,
SAS'’s Enterprise Miner.

Rada vestavénych produktd:
fraud detection:
electronic commerce applications,

health care,
customer relationship management



Software

MRDCL
NCSS

OpenEpi

Origin

Ox programming

language
OxMetrics
Origin
Partek

AcaStat GAUSS
ADaMSoft GAUSS
Analyse-it GenStat
ASReml| Golden Helix
Auguri gretl

BioStat JMP
BrightStat MacAnova
Dataplot Mathematica
EasyReq Matlab

Epi Info MedCalc
EViews modelQED
Excel Minitab

Primer
PSPP
R

R Commander[4]

RATS StatsDirect
RKWard[4] Statistix
SalStat SYSTAT
The
SAS Unscrambler
SOCR UNISTAT
Stata VisualStat
Statgraphics Winpepi
STATISTICA WinSPC
Statlt XLStat
StatPlus XploRe
SPlus
SPSS



Software

MS Excel: office.microsoft.com/en-us/excel
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Software

GsSas. : WWWw.sas.com
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http://www.sas.com

Software

= : WWW.SPSS.CZ
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http://www.spss.cz

Software

Statistica: www.statistica.cz



http://www.statistica.cz

Software
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http://www.mathworks.com
http://www.humusoft.cz

oftware

Eviews: ww.eviews.com
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