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Evolution of Database Technology hroug
Data collection, Relational data RDBMS, advanced Data mining, DWH, Data mining,
database model, relational data models , multimedia Web technology
creation, IMS and DBMS Application-oriented databases, Web (XML...), GIS
network DBMS DBMS (spatial) databases
1960s 1970s 1980s 1990s 2000s
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« Ekstrakcija detaljnih informacija « Otkrivanje znanja i uzoraka
 Daje informaciju - » Daje uvid i predikciju -

Tko je kupio proizvod A u zadnja 3 Tko ¢e kupiti proizvod A uiduca 3
mjeseca mjeseca i zasto?
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The New Story: Data Mining and KDD D17
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“Utapamo” se u podacima, a
“zudimo” za znanjem!
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Svjetla buducnost: hroug

“A recent Gartner Group Advanced Technology Research
Note listed data mining and artificial intelligence at the top
of the five key technology areas that "will clearly have a
major impact across a wide range of industries within the
next 3 to 5 years. “

Gartner also listed parallel architectures and data mining
as two of the top 10 new technologies in which companies
will invest during the next 5 years.”

Gartner
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Sto je Data mining hroug

- Rudarenje podataka (Data mining) je postupak
sortiranja, organiziranja ili grupiranja velikog broja
podataka i izvlacenje relevantnih informacija.

* Mozemo ga definirati kao proces pronalazenja korisnog
znanja kojim se otkrivaju odnosi, logichost,
pravilnost te opcenito bilo kakve strukture u podacima.

« Alternativni nazivi:

— Knowledge discovery(mining) in databases (KDD),
knowledge extraction, data / pattern analysis, data
archeology, data dredging, information harvesting,
business intelligence, dr.

multiih T
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Primjena DM-a E.PC?JZ

- Direktni marketing —najveca vjerojatnost odaziva
« lzradu profila kupaca — prilagodena ponuda

. Selgmentacija — segmente kojima se mogu posebno prilagoditi
usluge

- Istrazivanje povezanosti prodaje razlicitih proizvoda— analiza
kupovne kosarice

- Stimulacija kupovine drugih artikala istog poduzecéa - crossell,
upsell

- Zadrzavanje klijenata, zivotna vrijednost i aktivacija klijenta
- Racionalizacija poslovanja

« Razni modeli rizika- odlaska klijenata, pranja novca, kreditni rizik

multiih T
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Tko koristi Data Mining EEJZ

« Financijske institucije
+ Telekomi

- Osiguravajuca drustva
« Maloprodaja
« Servisi

« Zdravstvo

« Autoindustija

* Proizvodnja

1Kemijska industrija

_ W -
|
* multl-



Proces data mininga Q17

hroug

DWH model The Data Mining Process

Problem
Definition

Data Gathering
& Preparation

« Data Access —
« Data Sampling Model Building

« Data
Transformation

& Evaluation

* Create Model K .
- Test Model NQEeage

» Evaluate &
Interpret Model

Deployment

* Model Apply
* Custom Reports
* External Applications

(e
to1s02 o
(EE
hotsas 1

hotss 1
ho1ses o
ho1swr o
1o1s08 0
N

» Odabir metode ovisi o cilju analize.
* Proces rudarenja podataka je iterativan!
» Svaka iteracija = precizniji model
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Metodologija i framework 5.7

« Cesto govorimo o upotrebi rudarenja podataka radi vidljivih
“penefita”, medutim, metodologija koja se koristi i koraci
unutar frameworka nisu uvijek jasni.

« Zaizradu modela koristena je CRISP-DM metodologija,
preporucena prema Gartneru.

[(D Monitoring J

/\

@ Business
goals definition °°p'°y"‘°"“
- £
( 3 ™\ '’ ~
@Data mining » @ Analysis of
goals definition |~ resuits
- - J .
l E
((3) Data selection | p
(Dot ciening_] |- H® o ]
CRISP_DM [@Daummshﬂmm] ~
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Utroseno vrijeme po koracima hroug

metodologije

Deployment & Monitoring S Bez postoje¢ceg DWH
Model building IR
Data preparation ._
Business & DM goals .__

i1 4 0% d0% 0% B0

Deployment & Maonitoring _
Model building  INEEEGEG_—_——

Data preparation I
Business & DM goals D

Sa postoje¢im DWH

0% 205 40% B0 BO%
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Tipovi DM-a e

« Dva osnovna tipa rudarenja podataka:

— Verifikacija hipoteze — cilj je provijeriti da li je neka
ideja ili dojam o vaznosti odnosa medu odredenim
podacima utemeljen ili ne

— otkrivanje novih znanja — medu nekim pojavama
mogu postojati neki jos nepoznati, a statistiCki vazni odnosi
koje cCovjek ni iskustvom niti svojim intelektualnim
sposobnostima ne moze spoznati

multiih T
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Kako DM model uci? hroug

Tipovi dubinske analize

« Za otkrivanje znanja primjereni su postupci u¢enja iz primjera.

- Nadzirano ucenje (eng. Supervised/directed data mining)
podrazumijeva_pristup ,0dozgo prema dolje” i koristi se kada
analitiCar zna sto trazi ili sto zeli predvidjeti. Stoga se ovaj stil

¢esto naziva prediktivnim modeliranjem.

« Sdruge je strane nenadzirano ucenje (eng. Unsupervised /
Undirected data mining) koje se ¢esto naziva i

deskriptivhim modeliranjem te podrazumijeva pristup
,0dozdo prema gore®. Problem ucenja definiran je kao trazenje

grupa sliénih primjera (engl. clustering).

multiih T
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Informacije koje utvrdujemo  rhroug

Rudarenjem je moguce utvrditi sljedece vrste informacija:
« Klase, (unaprijed definirane klase)

« Klastere ( bez unaprijed zadanih klasa)
« Asocijacije (uvjetovanost dogadaja)
« Sekvence ( dogadaiji koji u odredenoj vjerojatnosti slijede jedan za drugim)

 Prognoze ( prognozira se budu¢nost iz postojec¢ih podataka)

multiih T
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Modeli i algoritmi Oracle DM-a

Q17

hroug

Problem Algorithm Applicability
Classification Logistic Regression (GLM) Classical statistical technique
A a‘ _y 2rssss | Decision Trees Popular / Rules / transparency
P;lﬂ‘é: . Naive Bayes Embedded app
.0, 0000 Support Vector Machine Wide / narrow data / text
Regression _;\_k Multiple Regression {GLM) Classical statistical technique
-2 Support Vector Machine Wide / narrow data / text
gg?engzgn :.; .| OneClass SVM Lack examples of target field
Attribute o ﬁ' : Attribute reduction
LA E - I Identify useful data
Importance ° G::+ « | Minimum Description Length (MDL) e
Association Market basket analysis
Rules §@$ | Apriori Link analysis ’
. Produet grouping
Clustering ﬂ 6" . .q: Hierarchical K-Means Text mining

I;.l' "--..._,_1"‘

Feature -0 ~_*_ .
e e

Extraction = =-=°

Brdgniy

Hierarchical O-Cluster

MNonnegative Matrix Factorization

Gene and protein analysis

Text analysis
Feature reduction

multiih T
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Data Preprocessing - Zasto? e

« Podaci su stvarnom svjetu su “prljavi”

— nekompletni: nedostatak vrijednosti atributa, nedostatak
odredenih atributa od interesa ili-postojanje samo
agregiranih podataka

— “bucni”: sadrze gresku ili krajnost
— nekonzistentni: sadrze diskrepanciju u nazivu ili sifri

« Bez kvalitetnih podataka nema ni rezultata data mining-a!
— Kvalitetne odluke temelje se na kvalitetnim podacima

RAW RAW Pidtitoce P REPROCESSED Fatlon PREPARED Use Df PATTERNS,
BSC DATA SE[ KPI DATA SET = KPI DATA SET p KPI DATA SET M thods INFORMATION

rFy

I -

I RN 3
|

I

I

I

I

':‘-‘"‘
QJ:"’}
Mthd
Sit e L S PR U R PP WV P L

1:
ﬁwledge Requirement
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hroug

Evaluacija modela

 Potvrda modela - Nakon izgradnje modela, provjeravaju se
rezultati i tumadi signifikantnost. Stopa toCnosti pronadena
tjekom testiranja odnosi se samo na podatke na kojima je
model izgraden

« Confusion matrica - Za klasifikacijske probleme, pokazuje
stvaran odnos predvidenih klasa vrijednosti. Stupci pokazuju
stvarne klase, redovi pokazuju predvidene klase, a dijagonala
pokazuje sva toCna predvidanja

-------

Actual

Prediction

Class A

Class B

Class C

Class A

45

-

Class B

10

38

Class C

4

6

40

Confusion matrics

Noveigms 1035 64

ROI
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Zasto Oracle? hGDrOJZ

In-Database Data Mining

Traditional Analytics Oracle Data Mining

it s
/Rezultat: \

% - Kraée vrijeme od
; podatka do uvida
- Smanjen TCO - eliminira se:
- Dupliciranje podataka

Data Import

Data Mining Y
Model “Scoring” K

Data Preparation g S Premic&tant
and avi nas - Fremjestanje
Transformation Y g podataka
Data Mining , \ Zadrzava se security /

Model Building

. Model “Scoring”

Data Prep & Podaci ostaju u bazi

Transformation Priprema ugradenih podataka

i+ Smanjenje kolicline
a* - . v .
&+ algoritama ucenja u samom

»

Data Extraction e * SQL kernelu baze

Data Preparation

b}
EnsnEmmsmsnEnnnnnnnn iy

:"*. SQL — najmocéniji jezik za pripremu

Hours, Days or Weeks Secs. Mins or Hours ™, i transformaciju podataka
ORACLE * . . .
Podaci ostaju u bazi

Source Datasat Analyic Procees Tamet

Data s/ Wok al Output

Area Process
multiih T
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« 10 godina sa hama, od sada
integrirana opcija SQL Developera

« Obuhvaceni svi aspekti: dohvat,
transformacija, procesiranje, izrada i
evaluacija modela

* Moguc¢nost utjecaja na sve
elemente procesa

* Interaktivna vizualizacija i izrada
izvjestaja, uz set predefiniranih
izvjestaja i analitika

» Alat za analitiCare

Oracle Data Mining
= Automated knowledge discovery,
model building and deployment
- Domain expertise to assemble the
“right” data to mine

- ODM “Verbs”

PREDICT _
- DETECT ho107, 114
- CLUSTER P
— )
- CLASSIFY = S
* PROFILE

= IDENTIFY FACTORS
- ASSOCIATE
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Oracle Data Miner e

racle lop @BRZI/ABC Ebanking/TargetingBes‘(CuswmersEbanla\_ o

File Edit View Navigate Run Diagram Versioning Tools Help i
B 90 XEER O -O & e
&l Byconnections * | (Reports x =] x| (=) @ component Palette * (=]
HEL ] > * | [Workflow Editor -
Z @ Connections A
é B HPB_PROD_DWH_EXTRACT —
8| @-6 HPB_PROD_DWH_STAGE o
B HPB_PROD_DWH_TARGET % L@ /& pata source
B misana

li#4 Explore Data
-6 (BOKULIC@BRIT INSUR_CUST_LTV_SAMPLE_EBANKING Expiors Data
=8 - @) Update Table

b Transforms
b Text
b Models
» Evaluate and Apply
b Linking Nodes
Ry0eA * =] ¥
PR TargetingBestCustomersebanking - Property Inspector =]
P @ B2 (O — )
B HPB_PROD_DWH_EXTRACT % o Eﬁr v A
Class Build Comment:
Fifter Columns Details Filter Columns
Data Miner * &
= | Apply
+ @
(B Connections %
=) KBOKULIC@BRZI
&3] ABC Ebanking INSUR_CUST_LTV_APPLAY_EBANKING
o3 TargetingBestCustomersEbanking Ea
BC Insurance E‘Y
PB CreditCard Transform
PB Ebanking Filter Columns 1
TargetingBestCustomersEbanking - Property Inspector * (z)) & Thumbnail * a
" ®rd 0 30)@
TargetingBestCustomersEbanking - Structure % (] il 4 P9
=
2 Comment:
-5 Filter Columns Details
-4 Class Build .
- B Transform
%8 Apply
B INSUR_CUST_LTV_SAMPLE_EBANKING
[ INSUR_CUST_LTV_APPLAY_EBANKING

« Repozitorij unutar poznatog sucelja SQL Developera
* |zrada modela kroz work-flow
« Jednostavna rekalkulacija i remodulacija modela
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Oracle Data Miner Nerpt

racle lop @BRZI/ABC Ebanking/T: i bank Explore Data b
File Edit View Navigate Run Versioning Tools Help
BGoEg 90 xER Q-0 i
A = =
Statistics Data | Columns | SQL .:.
Statistics Filter: )
Name Histogram  Data Type Percent NULLs  Distinct Values _ Distinct Perc... | Mode Average Medon  MinValue  MaxValue | Standard Devia... Variance Skewness  Kurtosis -
- S S S B O 7B -
BANK_FUNDS E—— e 0 174 34,252 2.619,0768 500 0 4.908,5791 24.004.149,002 3,017 10,6546
BUY_INSURANCE EB=E varcuar2 0 2 0,3937 Ho
CAR_OWNERSHIP ElE=— numeer 0 2 0,3937 0,9508 1 0 1 0,2165 0,0469 -4,1638 15,3356
CHECKING_AMOUNT (=3 0 177 34,8425 9745276 25 25 23122 2,845,048 8.696.865,3661 4,486 22,9782
CREDIT_BALANCE E— M 0 43 8,4646 22274791 0 0 170498 12.445,6283 154,893.664,6... 81816 83,1065
CREDIT_CARD_LIMITS % NUMBER 1] 21 4,1339 1.265,5512 1.000 500 5.000 826,3739 682.893,7784 2,4909 6,895
CUSTOMER_ID E="wvwrorz 0 s08 100 cu10006
FIRST E—= varoHar2 0 471 92,7165 SEWELL
HAS_CHILDREN ElEE womeer 0 2 0,3937 0,5315 1 0 1 0,4995 0,2495 -0,1261 -1,9861
HOUSE_OWNERSHIP M numeer 0 3 0,5906 0,813 1 0 2 0,5126 0,2628 -0,2479 0,1348
LAST E=—wvwrorz 0 459 90,3543 ceci
LTV % NUMBER o 496 97,6378 22.735,6373 23.347,875 0 40.213,25 6.530,6214 42.649.016,4921 -0,6598 1,7978
LTV_BIN =—a vwrorz 0 4 0,7874 HIGH
MARITAL_STATUS FES| verosz 0 5 0,0843 SINGLE
MONEY_MONTLY_OVERDRAWN [ NUMBER 0 190 37,4016 53,7737 53,24 46,95 73,61 1,6618 2,7614 5,3764 48,0766
MONTHLY_CHECKS_WRITTEN Ii—— numeer 0 19 3,7402 4,5059 3 0 18 5,0088 25,0086 1,2657 0,4488
MORTGAGE_AMOUNT | = 0 142 27,9528 2.263,3465  1.208 0 45.000 3.886,581 15.105.512,0375 5,935 50,1302
N_MORTGAGES = = 0 3 0,5906 0,813 1 0 2 0,5126 0,2628 -0,2479 0,1348
N_OF_DEPENDENTS 5 = 0 7 1,378 1,9272 1 0 6 1,5309 2,3438 0,5611 -0,4498
N_TRANS_ATM N nomeer 0 9 17717 2,8268 3 0 8 1,9464 3,785 0,0243 -1,0496
N_TRANS_KIOSK e numeer 0 1 2,1654 1,7804 1 0 10 1,7019 2,8964 1,8621 4,7428
M TDAME TELIED BE=—— wwmwre 17717 1 7 1 1 3 1n17s 5 1d
"AGE"
100
80
£ &
E 40
20
]
0-8 16-24 24-32 32-40 80 -88 48 - 56 56 - 64 64-72 72-80 40-48
< il
keokuLIC@BRZT dataminer.dprofiler

 Statisticka anliza podataka i uzorka
« Histogram, prosjek, mode, meidan, standardna deviacija,
skewness, kurtosis ...
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Oracle Data Miner e

Filter Columns - Property Inspector a{gTargetingBestCustomersEbanking * |57 Filter Col | i Explore Data *
P 7 Attribute Importance Data | Columns | SQL
= Colemas Target: N_TRANS_WEB_BANK
Columns Attribute Ranking
Name Type Output  Hints Name Type Rank Importance
- ';‘EEK s EE::E; f; HOUSE_OWNERSHIP NUMBER 1 0,5804
52 BUY_H‘JSURANCE VARCHARZ =& A Attribute passed filters MORTGAGE_AMOUNT NUMBER i 05804
®8 CAR_OWNERSHIP NUMBER o A Attribute passed filters N_MORTGAGES NUMBER 1 0,5804
& CHECKING_AMOUNT NUMBER L /A Min importance not reached MARITAL_STATUS VARCHARZ 2 0,4078
= CREDIT_BALANCE NUMBER o8 /A Min importance not reached LTV MUMBER. 3 10,3229
@ CREDIT_CARD_LIMITS NUMBER i A\ Min importance not reached LTV_BIN VARCHARZ 4 0,2636
= CUSTOMER_ID VARCHARZ =2 A Min importance not reached BANK FUNDS NUMBER - 0,148
=3 FIRST VARCHARZ =& /& Min importance not reached = !
=8 HAS_CHILDREN NUMBER o /A Attribute passed filters N_OF_DEPENDENTS NUMBER 6 0,1215
= HOUSE_OWNERSHIP NUMBER o A Attribute passed filters CAR_OWNERSHIP MUMBER 7 0,1071
=8 LAST VARCHAR2 =& £ Min importance not reached TIME_AS_CUSTOMER MUMBER. 8 0,103
= LTV NUMBER i A Attribute passed filters SEX VARCHAR2 0 10,0854
LTV_BIN VARCHARZ2 <@ A\ Attribute passed filters
8 MARITAL_STATUS VARCHARZ <D N_TRANS_TELLER MNUMBER 10 0,0832
=8 MONEY_MONTLY_OVERD... NUMBER =& N_TRANS_ATM HUMBER 11 0,0771
MONTHLY_CHECKS_WRL.. NUMBER Sl A\ Attribute passed filters MOMEY_MONTLY_OVERDRA... NUMBER 12 0,0741
& MORTGAGE_AMOUNT NUMBER @ A Attribute passed filters T AMOUNT AUTOM PAYME... NUMBER 13 0,0659
R AL RANDT O ACTC RuRanCn es A _Adbeibibn momnn. 7 T — - -
- o HAS_CHILDREN NUMBER 14 0,0281
EIFilters MOMNTHLY_CHECKS_WRITTEM MNUMBER 15 0,0253
e v msuRnce R [z cotas
[] % Mulls less than or equal 95@ = .
= CHECKING_AMOUNT NUMBER 18 0
[¥] % Unique less than or equal DSB CREDIT_BALANCE NUMBER 18 0
% Constant less than or equal 95@ CREDIT_CARD_LIMITS NUMBER. 18 0
Attribute Importance CUSTOMER_ID VARCHAR2 18 0
Target:  |N_TRANS_WEB_BANK M FIRST VARCHARD |18 0
Importance Cutoff :U@ LAST VARCHARZ 18 0
= N_TRANS_KIOSK MUMBER 18 ]
L Top b [ 10of PROFESSION VARCHARZ 18 0
sampling (Stratified) REGION VARCHARZ 18 0
Sample Size Z.UUU@ SALARY MNUMBER 18 0
STATE VARCHARZ 18 ]

« Analiza kvalitete i prediktivnosti varijabli
« MDL algoritam

INFORMACIJSKI SUSTAVI




Oracle Data Miner

@ Edit Transform Node % o =
Show Statistics
Data Z K& 5> |(dh- )
Hame Type Transform Output  Histogram | Percent... | Distinct... Mode Average  Median | MinValue | Max Value Ste=

38,8602 37 14,67

T -----l

Q17

hroug

2.619,0768 500 36000 4.90 .
8 CUST Aftributes || Functions: Column Name: [EXPRESSION | CU10006 T Create Ta
&= MAR]| |2 Node Expression smGLe | B Add Transform [ =] | B AddTransform [ x Data Sour
= | | iz & Edit Transform N 1
BANK_FUNDS — " 1 [ source Column: ace - e b
= N_TR CUSTOMER_ID Output Column:  [EXPRESSION . 3
=l MARITAL STATUS Transform Type:  |Missing Values - E
T k custom S
zu;\::ig uANTT;v,DVERDRA k Data Output Column: )
_TRANS. Custom Transformation Hame Missing Values m | Percent... v
om AG ]
N_TRANS_WEB_BANK Missing Valves:  [staisic <] i
PROFESSION > <= [ = AGE_BIN 0
REGION W BANK_FUNDS Replace Nulls With:
ace || | e ot gllj{:] g\\Q g !
1004 =@ CUSTOMER_ID 0
- TIME_AS_CUSTOMER Validation Results Statistic: [mean
~T_AMOUNT_AUTOM_PAYM: Validate MARTAL STAT 0 4
=8 MONEY_MONTL i N
B - 3 = N_TRANS_ATM
F @ N TRANS TELLE] F
L il
60| F
- [ | istogram | Statisti
g AGE
= oK ] Cancel 100 l
0 1 80 Histogram || Statistics
5 a0
ok J[ cancel = AGE
i 100 E
20 20 & 80
o
T G e s0-ss r
L s w f
20
. . . LI cone J[F
0-8 16-24 24-32 32-40 40-48 48-56 56-64 G64-72 72-60 60-88 0-10  10-20 20-30 30-40 40-50 SO0-60 60-70  70-80 >80 L h t 0.8 4.3 1048 5.6 7250 g
Ik e Pmpem—']nspmw = 15-2¢ e 4556 2 w085 5
¢ )
iy o[ e Z e ] |PD@
forms
= == =

Popunjavanje nedostojecih podataka
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Oracle Data Miner =4l

f# component Palette =

|W0rl-rﬂ0w Editor

I+ Data
I Transforms

— « Ucitavanje podataka

3 Anomaly Detection
'?% Association

S « Tranformacije i analiza podataka

{® Clustering
H% Feature Extraction

& Model  |zrada DM modela za ne strukturirane

£3 Model Details

L& Regression pOdatke

 Podrzani svi industriski standardni
modeli za DM

« Jednostavna primjena modela nad
boBuphictn. oo Apply podacima iz razliCitin izvora

I Linking Modes

multiih T
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racle Data Miner hGDrOJZ

of; TargetingBestCustomersEbanking * ‘ﬂdamlhﬂi x
Performance | Performance Matrix|ROC|Lift |Profit

Measure: All Measures 3 Sort By: Name | [Descending b
Predictive Confidence (%) Average Accuracy (%)
100 100
B0 [ 80 [
60 || 60 ||
3 3
s s
> >
a0 || 40—
20— - 20—
0 0
CLAS_SVM_1 _4 CLAS_NB_1_4 CLAS_GLW_1_4 CLAS_DT_1_4 CLAS_SVM_1 _4 CLAS_NB_1_4 CLAS_GLM_1_4 CLAS_DT_1_4
Overall Accuracy (%)
100
80 [~
60 [ |
5
]
£
a0 ||
20|
0
CLAS_SVM_1_8 CLAS_NB_1_4 CLAS_GLW_1_4 CLAS DT_1_4
av
Models Hi
Name Predictive Confidenc... = Overall Accuracy % = Average Accuracy...  Algorithm Creation Date -
M CLAS_S 4 lagooz  [szeess  [o2,1951 Support Vector Mach...| 2012.07.17 11:20
B CLAS_NB_1_4 75,1779 87,9699 87,589 Naive Bayes 2012.07.17 11:20
[0 CcLAS_GLM_1_4 79,2563 90,2256 89,6281 Generalized Linear M... 2012.07.17 11:20
W clas DT 1.4 71,3992 87,218 85,9496 Decision Tree 2012.07.17 11:20

Rezultati modela za predikciju kupovine usluge internet bankarstva

« Istovremena izgradnja visestrukin modela razliCitim algoritmima
« QGrafiCka usporedba rezultata vise modela
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Oracle Data Miner Nerpt

TargetingBestCustomersEbanking * x
=G bank Class Build &

Performance| Performance Matrix| ROC |Lift | Profit

=
Measure: All Measures b’ Sort By: Name " ‘E "
Predictive Confidence (%) Average Accuracy (%)
100 100
80 a0 |
60 — 60—
= =
= =
= =
40— 40—
20 [— 20 —
o 0
CLAS_SVM_1 4 CLAS_NB_1_4 CLAS_GLM_1 4 CLAS DT 1 4 CLAS_SVM_1_4 CLAS_NB_1_4 CLAS_GLM_1_4 CLAS DT 1 4
Overall Accuracy (%)
100
80
60 [
]
=
=
40—
20—
1]
CLAS SVM_1_4 CLAS NB_1 4 CLAS GLM_1 4 CLAS DT 1 4
avw
Models ]
Name Predictive Confidenc... = Overall Accuracy % Average Accuracy...  Algorithm Creation Date =
M CLAS_NB_1_4 93,4426 98,4962 96,7213 Naive Bayes 2012.09.18 16:38
O CLAS_GLM_1_4 94,4582 06,6165 07,2201 Generalized Linear M... 2012.08.18 16:38
M CLAS_DT_1 4 98,3607 99,6241 99,1803 Decision Tree 2012.09.18 16:38

Rezultati modela koji koristi dodatnu varijablu vlasnik_nekretnine

* Modeli su osjetljivi na dobar odabir varijabli s kvalitetnim podacima
« Kvalitetna varijabla s dobrom prediktivnoscu - bolja prediktivnost modela
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Oracle Data Miner

Performance | Performance Matrix ROC Lift |Profit

Edit Custom Operating point...

Q17

hroug

Show totals and cost:

Decision Tree 2012.09.21

92,1951

0,9287 87,9699

[I 9389 89, 4737 92,6829 89, 4737 Naive Bayes 2012.09.21
(] CU\S SVM 1 _4 0,9413 89,0977 92,9268 o 22,9323 Support Vector Mach... 2012.09.21 11:35

ROC krivulja i performance matrica

Target Value: [1 -
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Performance Matrix: Rows=Actual, Columns=Predicted:
§os0 0 1 Total Correct...
3
&
% 0 54 7 61 88,5246
3 1 19 186 205 90,7317
§ Total 73 193 266
s Correct % 73,9726 95,3731
Cost
0,20
0,00
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Faise Positive Fraction
® Max Oversll Accuracy ™ Max Avg Accuracy 4 Custom Accuracy * Madel Accuracy
Models Q8
Area Under Curve | Max Overall Accuracy... Max Average Accurac... Custom Accuracy...  Model Accuraq/% Algorithm Creation Date -

Cost

« ROC krivulja nam prikazuje omjer dobrih i losih predivdanja u testnom

uzorku za ciljanu vrijednost
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Data Columns|SQL

T0] Sort... | Filter:
|
</{_( CLAS_SVM_1_4 PRED CLAS_SVM_1_4 PROB CUSTOMER_ID FIRST STATE SEX AGE
_J > @ 1 1 0,8262 CU11209 ABRAHAM CA M 33
Class Build 2 0 0,7777 CU13483 ADAMS NY F 32
3 0 0,8218 CU9648 ADLER FL M 34
4 0 0,7796 CU13357 ALLISON NV M 0
@ 5 1 0,8129 CU10508 ALONSO FL M 62
. % 6 1 0,7943 CUG758 ALONZO NY M 62
" 7 1 0,8229 CU11859 ALONZO NY M 31
Apply 8 1 0,8457 CU3486 ALSTON CA F 48
a 9 1 0,8231 CUS473 ALVARADO NY M 42
% 10 1 0,8361 CU10308 ANDERSON NY F 42
11 0 0,8253 CU10540 ANDERSON NY M 33
INSUR_CUST_LTV_APPLAY_EBANKING 12 . 0,8224 CU15165 ARELLANO Ny M 20
13 1 0,8346 CU3654 ARNOLD NY F 50
14 1 0,8233 CU14806 ARTHUR MI M 66
15 0 0,7821 CU12993 ATKINSON NY F 23
16 1 0,8254 CU14750 AUSTIN MI M 48
17 1 0,8195 CUS056 BABCOCK cA M 2
18 1 0,8515 CU2410 BAER cA F 49
19 0 0,8185 CU14875 BAEZ WI M 35
20 1 0,824 CU10228 BAGLEY NY M 27
21 0 0,8177 CU14291 BALL NY M 0
22 1 0,8299 CU5351 BARBER MI F 28
23 1 0,8447 CUG501 BARGER cA F 66
% 1 0,8234 CU15116 BARON cA M 45
25 0 0,835 CU14140 BARRERA Y M 36
2% 1 0,8193 CU10706 BARRON Y M 2%
27 1 0,8303 CU3044 BARTH WA F 49
28 1 0,8576 CU3229 BEAULIEU MM F 37
L on 1 n onAa7T CHITTET DCACDD A —A [=4 =0

Rezultat modela s vjerojatnostima ishoda

« Podaci nad kojima je primijenjen model smjestaju se u tablicu u bazi
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Performence | Performance Matrix| ROC Lt Profi:
= TargetingpestCustomers * [{lSKData Test |
Performance | Performance Matrix ROC, Lift |profit
x I Target Value: | Brofi: Settings...
Torget Value: [y 3 it Custom Operating po. )
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Fatse Postie Fracton Whveshad W Budget
o HoxOverdiAccuracy % Mex AvgAccurssy 4 Custon Accuracy _+ hodel Accuracy
Models. an ; ) ]
odel Area Under Curve | Max Overall Accuracy... | Max Average Accurac... | Custom Accuracy... Model Accuracy % Algorithm Creation bate -
W cuas o 09085 96,9 86,1853 o 9436 Decsion Tree 2012.07.27 11:59 0 10 0 N a0 50 60 7 ) a 110
0181 56,9 85,0792 o c05 Generalzed Lnear M... 2012.07.27 11:59 ax
[ lossi o706 e onte e saves ] 2012.07.27 1150 | Models Q
[0 cras_svi_ 08629 96,92 79,0692 o 758 Support Vector Mach... 2012.07.27 11:59
Model Profit  R0I%  Records Cumulative... Target Density Cumulat. Creation Date v
CLAS_NB_1 7 175.039, 0,7509

ROC krivulje Projekcija profita kampanje

Primjer: stvarni rezultati modela povecanje prodaje usluge (up-sell
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Izazovi modeliranja:
« Kako definirati problem ?
« Koliko varijabli za model ?

 Koje varijable za model ?
« Koji algoritam ?

\
« Koji uzorak za trening podatke ? .
« Koliko je podataka dovoljno?
 Da li je model ‘pretreniran’ili nije dovoljno ‘treniran’ ?
« Koliko i koji podaci za test modela ?

» Koje razdoblje trening podataka ?
» Koje razdoblje za ishod modela ?
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Mario.Sipek@multicom-is.hr
Kresimir.Bokulic@multicom-is.hr
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