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Co je to Data Mining?

e Data mining (DM), nebo také dolovani
z dat ¢i vytézovani dat, je analyticka
metodologie ziskavani netrividlnich skrytych
a potencialné uzite¢nych informaci.
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Aplikace

Bankovnictvi: schvalovani uvért/kreditnich karet
e Predikce dobrych zdkaznikd.

Pojistovnictvi: schvalovani pojistnych smluv
e Odhad pravdépodobnosti pojistné udalosti/vyse skody.
CRM (marketing):
e Identifikace zakaznikd, ktefi maji v umyslu prejit ke konkurenci.
e (Cross-selling.
e Up-selling.
Cileny marketing:
e Identifikace pravdépodobnych respondentti na nabidku.
Detekce fraudu: telekomunikace, finan¢ni transakce,
pojistné podvody

e Online/offline identifikace podvodného chovani.
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Aplikace

Medicina: efektivita 1é¢ebné péce
e Analyza pacientovy historie (pfedchozi nemoci a jejich
pribéh): nalezeni vztahu mezi nemocemi.

Farmacie: identifikace novych léki
Védecka analyza dat:

e Identifikace novych galaxii.

Design webovych stranek:

e Nalezeni vztahu navstévnika stranek a pfislusna zména
podoby stranek.
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Aplikace

Rozpoznavani psaného textu, reci, obrazka.
Supermarkety

e Identifikace soucasné nakupovaného zbozi
Prémysl:

e automatické prenastaveni ovladacich prvka pti zméné
parametru procesu.

Sport:
e NBA-optimalizace herni strategie
dalsi...
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Aplikace - Rozmisténi zbozi v supermarketech

e Cil: identifikovat zbozi, které je
nakupovano soubézné dostateCnym
mnozstvim zakaznikd.

 Vysledek: Jestlize zakaznik nakupuje
détskeé pleny a mléko, pak si velmi
pravdépodobneé koupi i pivo.
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e Jedna z moznych interpretaci:

e Spravné interpretace vysledkt analyz je schopen
jen zkuseny analytik.
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Data mining a princip indukce

* Dedukce zachovava platné vztahy:
1. Koneé jsou savci.
2. Vsichni savci maji plice.
3. Proto plati, Ze vSichni koné maji plice.

e Indukce pridava informace:
1. VSichni doposud pozorovani koné maji plice.
2. Proto plati, ze vSichni kon€ maji plice.

//

10
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Probléem s indukci

e 7 platnych fakt mtzeme vyvodit nepravdivé tvrzeni

(model).

e Priklad:

- Evropskeé labuté jsou bilé

- Indukce: ,Labuté jsou bilé” jakoZto obecné
pravidlo.

- Objevenim Australie se objevili i cerné labuté...

- Problém: mnozina pozorovani nebyla ndhodna a
tudiz reprezentativni.

. hitp://cs.wikipedia.org/wiki/Labu%C5%A5_%C4%8Dern%C3%A1 11
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‘Data mining —podpora business rozhodovani

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

y:

Data Warehouses / Data Marts \

/ Paper, Files, Information Providers, Database Systems, OLTP

Data Sources

OLAP, MDA \DB A

12
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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):
e uzivano v komer¢ni sféie a databazové komunité

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

13
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Data mining — nutnost?

“<§~\~§§<:\\_,//;¢//////%/

’ ’ Nejvétsi svétové databaze v r. 2005:
4 - * Max Planck Inst. for Meteorology ~ 222 TB
T e il * Yahoo ~100 TB
- o - AT&T ~ 94 TB
I V roce 2008:
#=+—t——+—+—+—+> - Max Planck Inst. for Meteorology ~~ 6000 TB

* Yahoo ~2000TB

14
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Data mining — nutnost?

Terabytes -- 10712 bytes: data obchodnich fetézc(i, bank,...

Petabytes -- 10715 bytes: geograficka data

Exabytes -- 10718 bytes: narodni databaze zdravotnich
zaznamu

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

Zottabytes -- 10”24 bytes: video-databaze

15



Data mining — nutnost?
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ProC data mining? ProcC dnes?

Data jsou produkovana.
Data jsou skladovana.

Vypocetni sila je dostupna.

Vypocetni sila je cenové dostupna.
Konkurenc¢ni tlak je velice silny.

Komerc¢ni produkty (DM software) jsou k dispozici.

17
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Data mining vs. Statisticka analyza

Data Mining Statisticka analyza
e Pavodné vyvinuto pro expertni systémy ~ ° Teszlujle se statisticka korektnost
° A v’ /4 4 7 mo e u.
automaticky fesici zadané problémy. e
= Jsou statisticke predpoklady
e Neklade takovy d@iraz na piesné modelu splnény?
porozumeéni pouzité metody. » Testovani hypotéz.
e Pokud néco dava smysl, pak to * Intervalove odhady.
pouzijme! e Pracuje se s vybérem hodnot.

e Standardni metody nejsou
optimalizovany pro rozsahla data.

e Funguje i pro velmi rozsahla data. o Vyzaduje pokro¢ilé statistickeé
e Vyzaduje porozuméni problému z znalosti.
datovému a business pohledu.

o Zadné piredpoklady o datech.

18
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Data mining

Proces (polo-) automatické analyzy (rozsahlych) databazi
k identifikaci vztaht, které jsou:

e validni: plati na novych datech s urcitou jistotou obecné
platnosti

e nové: doposud neznamé
e uzitecné: daji se v praxi néjak pouzit

e srozumitelné: (vZdy) se nalezeny vztah da néjak vysvétlit

19
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Data mining neni:

Brutalni hromadné
zpracovani dat.

Slepé pouziti algoritmai.

Hledani vztaha tam, kde
Zadné neexistuji.

20
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/name # Zajimave

Zajimave jsou ty
vztahy, které se lisi
od obecnych
ocekavani.

Data mining se
vyplaci praveé diky
objevovani dosud
neznamych a
prekvapivych
vztahu.

Mlékoa
cerealie
prodavej

dohromady!/

Mlékoa
ceredlie
prodavej
dohromady!/

21
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Vztah s ostatnimi disciplinami

- =

Databazové
technologie

Statistika

o~

Strojove uceni

Data Mining

/

Informacni
technologie

S

Vizualizace

Ostatni védni
discipliny

22




Data mining -proces M
Ovéfenivztm/l

Data Mininy
4

Relevantni Data
Vybér Dat
Transformace M
Data Warehouse 1

Cisténi dat

Integrace}<
” Databaze

23
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Data Mining Methodology (2007)

Kterou metodologii pouzivate pro data mining?

CRISP-DM (63) I -
Vlastni (29) D 9%

SEMMA (19) B %

KDD Process (11) N 7%

Firemni (8) B 5%

Ostatni (20) N 14%

24



/ —_— = —
CRISP-DM

(CRoss Industry Standard Process for Data Mining)

1. pochopeni obchodnich

Business Data

Understanding Understanding

souvislosti
2. pochopeni dat
3. piiprava dat

4. mOdelOVéni Modelling

5. vyhodnoceni modelu

6. nasazeni modelu do
obchodniho procesu

http://community.udayton.edu/provost/it/training/documents/SPSS_CRISPWPIr.pdf

25
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"SEMMA

(Sample, Explore, Modify, Model, Assess)

- Sample - identifikovat vhodna ucici data, urcit odpovidajici rozsah dat, a to jak z pohledu ¢asového okna tak i
z pohledu poctu piipada. Dale se doporucuje rozdélit data na 3 skupiny:
Trénovaci - vyuziva se pro vyvoj modelu.
Valida¢ni - vyuziva se pro vyhodnoceni modelu a pro prevenci proti preuceni (over fitting) modelu.
Testovaci — vyuziva se pro finalni vyhodnoceni modelu. Zajima nas pfedevsim jak dobfe se
model chova na datech disjunktnich s daty, na kterych byl model vyvinut.

* Explore - pfipravit popisné statistiky, které poskytnou zadkladni predstavu o obsahu a kvalité podkladovych dat.
Pomoci vizualiza¢nich technik odhalit skryté trendy a zavislosti v datech.

* Modify - na zakladé pfedchoziho kroku konsolidovat data a odvodit nové proménné. Nasledné transformovat
data do tvaru vhodného pro modelovani.

* Model - vytvorit prislusny model. Mezi ¢asto pouzivané techniky patii napf. neuronové sité, rozhodovaci
stromy, logistické modely.

» Assess - vyhodnotit aspésnost modelu a pfipadné implementovat model do praxe.

26
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Porozumeéni obchodu (Business
Understanding):
e Stanoveni business cilfi.
e Stanoveni data miningovych
cilt.

e Statnoveni kriterii uspéchu.

/

Faze DM procesu (1 & 2)

Porozuméni dattim (Data
Understanding):

e Prizkum dat a ovéreni
jejich kvality.
e Nalezeni odlehlych hodnot.

27
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"~ Faze DM procesu (3)

Priprava dat (Data preparation):

e Obvykle zabira pres 9o% celkové casu.
- Sbérdat

« Konsolidace a ¢isténi
Vazebni tabulky, agregace, chybéjici hodnoty;...
« Selekce
Ignorovani neuzite¢nych dat?
Odlehla pozorovani?
Vybér dat?
Vizualiza¢ni nastroje.
« Transformace - vytvatreni novych odvozenych
proménnych

28
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Faze DM Procesu (4)
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Modelovani (Model building)

e Vybér vhodnych modelovacich technik
zavisi na stanovenych data miningovych
cilech.

* Modelovani je vétSinou iterac¢ni proces
propojeny s pfipravou dat

e Rozdilny pfistup pro ,supervised® a
yunsupervised learning”

29



Zakladni pristupy k modelovani

Prediktivni: jde o matematicky model predpovidajici (s ur¢itou
presnosti) budouci hodnotu/chovani néjaké veli¢iny (entity).

e Regrese/ Klasifikace

e Analyza ¢asovych fad
Deskriptivni: jde o matematicky model popisujici historické
udalosti a predpokladané nebo realné vazby mezi nimi.

e Klastrova (shlukova) analyza

e Asociacni pravidla

e Detekce deviaci/zlomi

e Faktorova analyza / analyza hlavnich komponent

30
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Klasifikace

Na zakladé znamych udaja o ,starych” zdkaznicich a jejich
platebni moralce mame predikovat platebni zptisobilost
noveho zadatele o uvér.

Predchozi zakaznici Klasifikator

Vék

Prijem
Zamestnani
Bydlisté

Typ zdkaznika

Rozhodovaci

pravidlo

Prijem > x

—>
> Prof. =y

N

Data no@' zadatele

Dobry/

Spatny

31
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Klasifikacni metody

Cil: Predikovat tfidu Ci = f(x1, x2, .. Xn)
Regrese: (linearni nebo polynomialni)
e a*x1+b*x2+c=Ci
Metody nejblizsiho souseda (KNN)
Rozhodovaci stromy
Pravdépodobnostni modely (GLM) - napt. logisticka regrese.
Diskriminacni analyza (LDA,...)
Neuronové site
Support vector machines (SVM)
Bayesovské modely

32



Deskriptivni modelovani

Zakladnim cilem je ziskani ucelenych a snadno
srozumitelnych informaci z dostupnych dat.

Nékdy soucasti prazkumové (exploracni)
analyzy predchazejici prediktivnimu
modelovani, nékdy je vytvoreni deskriptivniho

modelu hlavnim cilem DM projektu.
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Klastrova analyza

Mame nalézt skupiny/ klastrc?r stavajicich zakaznik® na zakladé

latebni historie tak, aby podobni klienti byli ve stejné skupiné/

clastru.

Zakladni pozadavek: Kvalitni mira podobnosti

(http://cs.wikipedia.org/wiki/Shlukova_analyza).
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Supervised vs. unsupervised learning

Supervised learning:
e Supervize: Data (pozorovani, méfeni, atp.) jsou oznacena
predem definovanymi/znamymi tfidami.
e Nova/testovaci data jsou nasledné rozfazena do téchto tiid.
e Z pohledu kauzality dany model definuje vztah mezi
vstupnimi daty a daty vystupnimi.
Unsupervised learning:
e Pfedem nejsou definované zadné tridy.
e Pro dana data je cilem prokazat existenci néjakych tfid.

e Z pohledu kauzality jsou vSechna data chapana jako
vystupni. Modelujeme zavislost danych dat na jakychsi
neznamych skrytych proménnych.

35
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Faze DM Procesu (5)

_

Vyhodnoceni modelu (Model
Evaluation):

e Evaluace modelu: jak se chova na
testovacich datech.

e Metody a kritéria zavisi na typu
modelu:

« Napft. koinciden¢ni matice pro klasifika¢ni
modely, primérna chyba pro regresni
modely;...

e Interpretace modelu: dtlezitost a
obtiznost interpretace zna¢né zavisi
na zvolené modelovacim algoritmu.

36



\/

S Faze DM Procesu (6)

Nasazeni do praxe (Deployment)

e Je tfeba urcit, jak maji byt vysledky vyuzity.

e Kdo je bude vyuzivat?
e Jak ¢asto budou vyuzivany?
Nasazeni data miningovych vysledki pomoci:
e Skodrovani databaze.
e Vyuziti vysledkt pomoci obchodnich pravidel.

e Interaktivni on-line scoring.

37
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SAS - strucneé seznameni

e 2 zakladni SAS rozhrani:

e SAS windowing
environment

e SAS Enterprise Guide
(GUI)
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SAS - strucneé seznameni
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SAS - strucneé seznameni

omoci klikani a pfetahovani mysi je budovan procesni tok.
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SAS Enterprise Guide (EG) Interface

EG automaticky generuje kod, ktery mozné dale editovat

BonusReport ~

Qﬂ Program
Save v B Run ~ : Select Server | Export v Send To ~ |#) Properties

-'data work.comp:
set orion.sales:;
Bonus=500;
Compensation=sum(Salarvy, Bonus) ;
BonusMonth=month (Hire Date):;
drop Gender 3Salary Job Title Country Birth Date;
format Bonus Compensation dollarS. Hire Date datef.;
label Ewployee ID="Employee ID"
First Nawe="First Nawe'
Last Name="Last Nawe'
BonusMonth="Month of Bonus"
Hire Date="Hire Date';
run;

-'proc print data=work.comp label:;
title 'Bonus report for 2009';
run;
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SAS Help

Use the SAS Enterprise Guide Help facility or SAS OnlineDoc for
additional direction on SAS Enterprise Guide or the SAS
programming language. Go to support.sas.com and select

Product Documentation @ Base SAS.
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SAS na webu

Michal Kulich: Maly manudl uzivatele SASu
http://www.karlin.mff.cuni.cz/~kulich/sas/SASMain.html

Phil Spector: An Introduction to the SAS System
http://www.stat.berkeley.edu/classes/s100/sas.pdf

Patric McLeod : Introduction to SAS 9
http://www.unt.edu/rss/class/sas1/

http://en.wikipedia.org/wiki/SAS_%28software%29
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2. Organizace dat, uvod do SQL




et P — N
Historie skladovani dat

V minulosti byla data uklad
ke kterému se pristupova

ana v jednom velkém souboru,
o0 indexovanymi sekvenc¢nimi

metodami. Soubor byl indexovan na zdkladé
predpokladanych zptisobi dotazovani. Velkou nevyhodou
bylo to, Ze se informace v zdznamech opakovaly a typy

dotazi byly predurceny.
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Historie skladovani dat
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Relacni databaze

id_transakce

id_klient :

jmeno id_ucet
ij i datum

L Jath

adresa_ulice platba

adresa_mesto id_ucet zustatek

id_klient

SELECT klient.jmeno, klient.prijmeni, klient.adresa_ulice,
klient.adresa_mesto, ucet.cislo_uctu, transakce.zustatek
FROM Kklient, ucet, transakce

WHERE klient.id_klient = ucet.id_klient;

AND transakce.id_ucet = ucet.id_ucet;

AND transakce.zustatek < 100;

GROUP BY klient.adresa_mesto;
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Relacni databaze

Rela¢ni databaze je databaze zaloZena na relacnim modelu. Casto se timto pojmem
oznacuje nejen databaze samotna, ale i jeji konkrétni softwarové feseni.

Rela¢ni databaze je zaloZena na tabulkach, jejichz fadky obvykle chapeme jako
zaznamy a eventuelné nékteré sloupce v nich (tzv. cizi klice) chapeme tak, Ze
uchovavaji informace o relacich mezi jednotlivymi zaznamy v matematickém slova
smyslu.

Termin relacni databdze definoval Edgar F. Codd v roce 1970.

zptsoby kladeni dotazi:
QBE (query by example)
SQL (structured query language)
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Relacni databaze

Dle rela¢ni teorie lze pomoci zdkladnich operaci
(sjednoceni, kartézsky soucin, rozdil, selekce, projekce a
spojeni) uskuteCnit vesSkeré operace s daty a ostatni
operace jsou jiz jen kombinacemi téchto péti.
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Relacni databaze

Zakladem rela¢nich databazi jsou databazové tabulky. Jejich sloupce se nazyvaji atributy nebo
pole, tfadky tabulky jsou pak zdznamy. Atributy maji uréen svij konkrétni datovy typ -
doménu. Radek je fezem pres sloupce tabulky a slouzi k vlastnimu ulozeni dat. Konkrétni
tabulka pak realizuje podmnozinu kartézského souc¢inu moznych dat vsech sloupci - relaci.
Primarni kli¢
e Primarni kli¢ je jednoznac¢ny identifikator zaznamu, fadku tabulky. Primarnim klicem mitze byt
jediny sloupec ¢i kombinace vice sloupcii tak, aby byla zaruc¢ena jeho jednoznacnost. Pole klice musi
obsahovat hodnotu, tzn. nesmi se zde vyskytovat nedefinovana prazdna hodnota NULL. V praxi se
dnes casto pouzivaji umélé klice, coz jsou ciselné ¢i pismenné identifikatory - kazdy novy zaznam
dostava identifikator odlisny od identifikatort vSech pfedchozich zaznamt (poZadavek na unikatnost
kli¢e), obvykle se jedna o celociselné fady a kazdy novy zdznam dostava ¢islo vzdy o jednotku vyssi
(zpravidla zcela automatizované) nez je ¢islo u posledniho vlozeného zdznamu (¢iselné oznaceni
zdznamu s ¢asem stoupa).
Cizi kli¢
e Dalsim dtlezitym pojmem jsou nevlastni/cizi klice. Slouzi pro vyjadieni vztahti, relaci, mezi
databazovymi tabulkami. Jedna se o pole ¢i skupinu poli, ktera nam umozni identifikovat, které
zaznamy z riznych tabulek spolu navzdjem souvisi.
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Relacni databaze — vztahy mezi tabulkami

Vztahy, neboli relace, slouzi ke svazani dat, ktera spolu
souviseji a jsou umistény v riznych databazovych tabulkach. V
zasadeé rozliSujeme Ctyti typy vztahd.

mezi daty v tabulkdch neni zadna spojitost, proto nedefinujeme zadny vztah.

1:1 pouzivame, pokud zdaznamu odpovida pravé jeden zaznam v jiné databazové
tabulce a naopak. Takovyto vztah je pouzivan pouze ojedinéle, protoze vétSinou neni
padny d@vod, pro¢ takovéto zaznamy neumistit do jedné databazové tabulky. Jedno
z mala vyuziti je zpfehlednéni rozsahlych tabulek. Jako ilustraci je mozné pouzit
vztah fidi¢ - automobil. V jednu chvili (diskrétni ¢asovy okamzik) fidi jedno auto
pravé jeden tidic a zaroven jedno auto je fizeno pravé jednim fidicem.
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Relacni databaze — vztahy mezi tabulkami

1:N prfifazuje jednomu zdznamu vice zdaznaml z jiné tabulky. Jedna se o
nejpouzivanéjsi typ relace, jelikoz odpovida mnoha situacim v redlném zivoté. Jako
redlny priklad maZe poslouzit vztah autobus - cestujici. V jednu chvili cestujici jede
pravé jednim autobusem a v jednom autobuse mtize zaroven cestovat vice
cestujicich.

M:N je méné castym. Umoznuje nékolika zaznamlm z jedné tabulky priradit
nékolik zaznam z tabulky druhé. V databazové praxi byva tento vztah z praktickych
divodli nejcastéji realizovan kombinaci dvou vztaht 1:N a 1:-M, které ukazuji do
pomocné tabulky slozené z kombinace obou pouzitych kli¢t (tfeti resp. tzv. vazebni
tabulka). Prikladem z redlného Zivota by mohl byt vztah vyrobek - vlastnost.
Vyrobek mtize mit vice vlastnosti a jednu vlastnost mtize mit vice vyrobka. V
realném zivoté nicméné existuje velké mnozstvi vztaht M : N, mimo jiné také proto,
Ze Casto existuje prakticka potieba zachovavat i adaje o historii téchto vztaht z
¢asového hlediska (jeden tidi¢ v delSim ¢asovém obdobi fidi vice rozli¢nych aut a
jedno auto v delsim ¢asovém obdobi mtiZze mit vice raznych fidi¢a).

52



_
Slovnik pojmu

1 ODS

1 DWH

) DataMart
1 Meta Data
1 BI

1 OLAP

1 OLTP

1 ETL

J ELT

1 EAI

1 ERP

1 DBMS

- SQL

Operational Data Store
DataWareHouse

Business Intelligence

On Line Analytical Processing

On Line Transaction Processing
Extract, Transform, Load

Extract, Load, Transform
Enterprise Application Integration
Enterprise Resource Planning
Database Management System
Structured Query Language
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“Slovnik pojm¢
ODS: Short for operational data store, a type of that DWH: Abbreviated DW, a collection of designed to support management

serves as an interim area for a in order to store
time-sensitive operational data that can be accessed quickly and
efficiently. In contrast to a data warehouse, which contains large
amounts of data, an ODS contains small amounts of
information that is updated through the course of business
transactions. An ODS will perform numerous quick and simple

on small amounts of data, such as acquiring an account
balance or finding the status of a customer order, whereas a data
warehouse will perform complex queries on large amounts of data.
An ODS contains only current operational data while a data
warehouse contains both current and historical data.

DataMart: A , or collection of databases, designed to help
managers make strategic decisions about their business. Whereas a

combines databases across an entire enterprise,
data marts are usually smaller and focus on a particular subject or
department. Some data marts, called dependent data marts, are
subsets of larger data warehouses.

Meta Data: about data. Metadata describes how and when
and by whom a particular set of data was collected, and how the
data is formatted. Metadata is essential for understanding
information stored in and has become increasingly
important in -based Web applications.

SQL (nékdy vyslovovano anglicky es-kjd-e, nékdy téz skvi ) je
standardizovany pouzivany pro praci s daty v
relacnich databazich. SQL je zkratka anglickych slov Structured
Query Language (strukturovany dotazovaci jazyk).

decision making. Data warehouses contain a wide variety of data that present a
coherent picture of business conditions at a single point in time.

Development of a data warehouse includes development of systems to extract
data from operating systems plus installation of a warehouse

that provides managers flexible access to the data.

The term data warehousing generally refers to the combination of many
different databases across an entire enterprise. Contrast with

BI: Most companies collect a large amount of from their business
operations. To keep track of that information, a business and would need to
use a wide range of programs , such as Excel, Access and different
applications for various departments throughout their organization.
Using multiple software programs makes it difficult to retrieve information in a
timely manner and to perform analysis of the data.
The term Business Intelligence (BI) represents the tools and systems that play
a key role in the strategic planning process of the corporation. These systems
allow a company to gather, store, access and analyze corporate data to aid in
decision-making. Generally these systems will illustrate business intelligence in
the areas of customer profiling, customer support, market research, market
segmentation, product profitability, statistical analysis, and inventory and
distribution analysis to name a few.

A Database Management System (DBMS) is a set of

that controls the creation, maintenance, and the use of a . Details on
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Slovnik pojmu

OLAP: Short for Online Analytical Processing, a category of software
tools that provides analysis of stored in a . OLAP tools
enable users to analyze different dimensions of multidimensional data.
For example, it provides time series and trend analysis views. OLAP
often is used in .
The chief component of OLAP is the OLAP , Which sits between a
and a . The OLAP server
understands how data is organized in the database and has special
functions for analyzing the data. There are OLAP servers available for
nearly all the major database systems.

ETL: Short for extract, transform, load, three functions
that are combined into one tool to pull data out of one database
and place it into another database.

Extract -- the process of reading data from a
database.

Transform -- the process of converting the
extracted data from its previous form into the form it needs to be
in so that it can be placed into another database. Transformation
occurs by using rules or lookup tables or by combining the data
with other data.

Load -- the process of writing the data into the
target database.

ETL is used to data from one database to another, to form
and and also to convert databases
from one format or type to another.

OLTP: Short for On-Line Transaction Processing. Same as

Transaction processing: A type of processing in which the
computer responds immediately to requests. Each request is considered to
be a transaction. Automatic teller machines for banks are an example of
transaction processing.

The opposite of transaction processing is , in which a batch of
requests is and then all at one time. Transaction processing
requires interaction with a user, whereas batch processing can take place
without a user being present.

EAIL: Acronym for enterprise application integration. EAI is the unrestricted
sharing of data and business processes throughout the

or data sources in an organization. Early programs in areas such as
inventory control, human resources, sales automation and
management were designed to run independently, with no interaction between
the systems. They were custom built in the technology of the day for a specific
need being addressed and were often proprietary systems. As enterprises grow
and recognize the need for their information and applications to have the ability
to be transferred across and shared between systems, companies are investing
in EAI in order to streamline processes and keep all the elements of the
enterprise interconnected.

ERP: Short for enterprise resource planning, a business management system
that integrates all facets of the business, including planning, manufacturing,
sales, and marketing. As the ERP methodology has become more popular,

have emerged to help business managers implement ERP
in business activities such as inventory control, order tracking, customer
service, finance and human resources.

55


http://www.webopedia.com/TERM/E/database.html
http://www.webopedia.com/TERM/E/data_migration.html
http://www.webopedia.com/TERM/E/data_mart.html
http://www.webopedia.com/TERM/E/data_mart.html
http://www.webopedia.com/TERM/E/data_mart.html
http://www.webopedia.com/TERM/E/data_warehouse.html
http://www.webopedia.com/TERM/E/data_warehouse.html
http://www.webopedia.com/TERM/E/data_warehouse.html
http://www.webopedia.com/TERM/E/network.html
http://www.webopedia.com/TERM/E/application.html
http://www.webopedia.com/TERM/E/software.html
http://www.webopedia.com/TERM/E/database.html
http://www.webopedia.com/TERM/O/data.html
http://www.webopedia.com/TERM/O/database.html
http://www.webopedia.com/TERM/O/data_mining.html
http://www.webopedia.com/TERM/O/data_mining.html
http://www.webopedia.com/TERM/O/data_mining.html
http://www.webopedia.com/TERM/O/server.html
http://www.webopedia.com/TERM/O/client.html
http://www.webopedia.com/TERM/O/database_management_system_DBMS.html
http://www.webopedia.com/TERM/O/database_management_system_DBMS.html
http://www.webopedia.com/TERM/O/database_management_system_DBMS.html
http://www.webopedia.com/TERM/O/database_management_system_DBMS.html
http://www.webopedia.com/TERM/O/database_management_system_DBMS.html
http://www.webopedia.com/TERM/O/database_management_system_DBMS.html
http://www.webopedia.com/TERM/O/database_management_system_DBMS.html
http://www.webopedia.com/TERM/O/transaction_processing.html
http://www.webopedia.com/TERM/O/transaction_processing.html
http://www.webopedia.com/TERM/T/computer.html
http://www.webopedia.com/TERM/T/user.html
http://www.webopedia.com/TERM/T/batch_processing.html
http://www.webopedia.com/TERM/T/batch_processing.html
http://www.webopedia.com/TERM/T/batch_processing.html
http://www.webopedia.com/TERM/T/store.html
http://www.webopedia.com/TERM/T/execute.html
http://itmanagement.webopedia.com/TERM/E/application.html
http://itmanagement.webopedia.com/TERM/E/application.html
http://itmanagement.webopedia.com/TERM/E/application.html

\/
/Da’cow sklad (Data Warehouse)

Definice (W.H. Inmon 1996):
Datovy sklad je

subjektové orientovany
integrovany

casove promenny

staly

soubor dat, ktery slouzi pro podporu rozhodovani.
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/Datov{/ sklad

prvotni koncepce datovana pocatkem 8o.let

vznik z potfeby jednoduchého pfistupu ke strukturovanému
ulozisti kvalitnich dat

pomaha ziskat odpovédi pro lepsi rozhodovani

umoznuje pouziti dat pro dotazovani, reportovani a analyzu
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Struktura datoveho skladu

trivrstva architektura:
datovy sklad
aplikacni vrstva

prezentacni vrstva

fyzicky centralizovany nebo distribuovany
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Datovy sklad

Pre-Data Data
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Datovy sklad

Business Intelligence

OLAP
Amnalysis

© etl-tools.indo
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Datovy sklad

EAl & DWH System Configuration Diagram

SOHO: Zkratka pro small office/home office - malé nebo domadci kancelatské prosttedi a business kultura, ktera je s nim spojena.
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" Datové Modely

« Star Schema

Star (hvézda)
B L=
D3

SHOWﬂake (VlOéka) * Snowflake Schema

D3_1 |+{D32]

|D21| +{D22]
Starflake - Starflake Schema D1.2
— [F}[D31]+[D32
D2
Constellation
(s()uhvézd{) * Constellation Schema
F1 |F2
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~Priklad schématu hvézda (star)

time

day

year

time_key

day of the week
month
quarter

branch

branch_key
branch_name
branch_type

e—

Sales Fact Table

4

time_key

item_key ¢

branch_key

location_key 4

units_sold

dollars_sold

Measures

avg_sales

llll....*

item

item_key
item_name
brand

type
supplier_type

location

location_key
street

city
province_or_street
country
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time

time_key
day

day of the week

month
quarter
year

branch

branch_key

branch_name
branch_type

Measures

Sales Fact Table

4
.0

L 4

time_key

item_key <

branch_key

location_key

units_sold

dollars_sold

avg_sales

ad schématu vIoc‘fka\(SnowfIake)

/

item
P !:em—key supplier
O el 4 SUPPTIET_Key
s | brand ~" | supplier_type
y type K
supplier_key ¢’
location
"*=A |ocation_key
street
city_key . | city
’Acity_key
city
province_or_street
country
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Priklad schématu souhvézdi (Constellation)
time S RN NN N NN NN AN AR NN EEEEEEEEEEEEEEEEAEEEANEEsEEsssEsEEEEEEEEEEE .
time_key o item *. Shipping Fact Table
day "0 . | item_key v ““ !
day_of_the_week *s,, Sales Fact Table < | item_name time_key
month %, & | brand :
quarter ¢ time_key 5 type : item_key
year _ [ supplier_type shipper_Key ...,
item_key E
branch_key from_location
branch o location_key |, location R to_location
* ‘e » a4
A’ %o
branch_key units_sold A |ocation_key dollars_cost
branch_name Sireet - -
branch_type allers salld city units_shipped
province_or_street :
- avg_sales country shipper ;
7 ~. g 3
Measures | Tl shipper_key
.......... shipper_name
1 location_key
shipper_type 66
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Priklad datové kostky

Celkovy ro¢ni prodej]
Datum
sﬁ} Vv 1Qtr 20tr 30tr 40tr  sum AL
kS A VA AR 4 USA
P S A A A 4
VCR/ £ VA VA VA /
suma /]| | Kanada %
| I/ S
| /: Mexiko
/
suma
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Datové , kvadry“ odpovidajici datové kostce

o-D(apex) cuboid
A country
‘ 1-D cuboids
\ date, country

date, country

product

product,date
2-D cuboids

3-D(base) cuboid
product,
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mcké OLAP Operace

Roll up (drill-up): sumarizace dat

» Postoupeni v hierarchii o uroveri vyse nebo redukce dimenze (napft. z
kostky na ctverec).

Drill down (roll down): opak roll-up -zajima nas vétsi detail
e Z vyS$si urovné sumarizace na nizsi turoveri nebo zavedeni novych
datovych dimenzi.
Slice and dice (krdjet a kostkovat)
e Vybér datového podprostoru.
Ostatni operace:
e drill across: zahrnuti vice datovych tabulek (kostek)

e drill through: pres zdkladni uroveri datové kostky zpét k podkladovym
relacnim tabulkdm (pomoci SQL)
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{chitektura OLAP Serveru

Rela¢ni OLAP (Relational OLAP -ROLAP)

e Vyuziva relac¢ni nebo rozsifenou relacni DBMS pro ukladani a spravu dat
datového skladu a OLAPovou stfedni vrstvu pro podporu chybéjicich c¢asti.

e Zahrnuje optimalizacni moznosti DBMS, implementaci  agregacni
navigacni logiky a doplnkové nastroje a sluzby.

Vicedimenzionalni OLAP (Multidimensional OLAP - MOLAP)

e Technologie zalozena na vicedimenzionalnich datovych polich (v¢. technik
pro fidké matice).
e Rychlé indexovani pfedem spoc¢tenych sumarizovanych dat.

Hybridni OLAP (Hybrid OLAP - HOLAP)

e Uzivatelsky flexibilni, tj. low level: rela¢ni, high-level: pole.

Specializované SQL servery
 specializovana podpora pro SQL dotazy nad star/snowflake schématy.
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"ROLAP

Data ulozena v rela¢ni databazi - nejsou duplikovana,
ovSsem neni k nim mozny pfistup bez pfipojeni k
zdrojové databazi.

dotazy OLAP se prevadéji do klasickych dotazti SQL -
miZe byt nevyhodou (limitované moznosti SQL,
pomalejsi odezva).

Vhodny jen pro omezené mnozstvi dat.
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MOLAP
stradi¢ni“ OLAP.

Data uloZena v multidimenzionalnich kostkach mimo
rela¢ni databazi. Jsou tudiZz duplikovana a je mozny
pristup i bez spojeni s ptivodnim zdrojem dat.

Hlavni vyhodou je rychla odezva na dotazy. Vse je
predpocitano a ulozeno pri tvorbé kostek.

72



_ —
HOLAP

ponechava ptvodni data v rela¢nich tabulkach,
agregace uklada v multidimenzionalnim formatu

poskytuje propojeni mezi rozsahlymi objemy dat v
relacnich tabulkach

vyhoda rychlejsiho vykonu multidimenzionalné
ulozenych agregaci
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Budovani datového skladu

metoda ,velkého tresku:
» analyza pozadavk® podniku
»vytvoreni podnikového datového skladu
»vytvoreni datovych trzist

prirtstkova (evolu¢ni) metoda
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Plneni datového skladu

pocatecni plnéni + pravidelna aktualizace

plnéni pomoci datovych pump
postupy ETL:

» extrakce

» transformace

»loading
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Co je SQL?

The SQL procedure uses Structured Query
Language to perform the following tasks:

Reprodukovano se svo

retrieve and manipulate SAS data sets

create and delete SAS data sets

generate reports

add or modify values in a SAS data set

add, modify, or drop columns in a SAS data set

lenim spolec¢nosti SAS Institute Inc., Cary, NC, USA.
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“Uvod do SOQL

General form of an SQL procedure query to
generate output:

PROC SQL;
SELECT variables
FROM SAS-gata-set;

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Uvod do SQL

* Create a listing report of product activity.

e Step 1: Invoke the SQL procedure.

lproc sql;

« Step 2: Identify the variables to display on the
report.

proc sql;
select CustomerID, CustomerFirstName,
CustomerLastName

78
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Uvod do SQL

e Step 3: Identify the input data set.

proc sql;
select CustomerlID, CustomerFirstName,
CustomerLastName
from univ.mastercustomers;

e Step 4: End the procedure with a QUIT statement.

proc sql;
select CustomerID, CustomerFirstName,
CustomerLastName
from univ.mastercustomers;

quit;

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Uvod do SQL

SQL joins have the following characteristics:

e They do not require sorted data.

e They can be performed on up to 32 data sets
at one time.

e They allow complex matching criteria using
the WHERE clause.

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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‘Uvod do SOQL

General form of an SQL procedure join to generate
output:

PROC SQL;
SELECT variables
FROM SAS-gata-setl AS aliasl,
SAS-data-set? AS alias’?
WHERE a/iasl.variable=alias2.variable,

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Uvod do SQL

* Create a listing report by joining data sets
univ.mastercustomers and

univ.customerorders by CustomerID.

/

e Step 1: Invoke the SQL procedure and list the variables
to display.

proc sql;
select CustomerID, CustomerFirstName,
CustomerlLastName, OrderlD,
UnitPrice, Quantity

82
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Uvod do SQL
e Step 2: Identify the data sets to join and provide

a table alias for each.

Because CustomerID exists in both data sets,
identify which CustomerID to use.

proc sql;
select m.CustomerID, CustomerFirstName,
CustomerlLastName, OrderID,
UnitPrice, Quantity
from univ.mastercustomers as m,
univ.customerorders as c
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Uvod do SQL

e Step 3: State the condition on which observations are
matched and terminate the query.

proc sql;
select m.CustomerID, CustomerFirstName,
CustomerlLastName, OrderID,
UnitPrice, Quantity
from univ.mastercustomers as m,
univ.customerorders as c
where m.CustomerID=c.CustomerlID;

quit;
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vod do SQL
Create a new variable named TotSale by multiplying

Quantity by UnitPrice. Name the new variable
TotSale.

proc sql;
select m.CustomerID, CustomerFirstName,

CustomerLastName, OrderlD,
UnitPrice, Quantity,
Quantity * UnitPrice as TotSale

from univ.mastercustomers as m,
univ.customerorders as cC

where m.CustomerID=c.CustomerlD;

quit;

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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‘Uvod do SOQL

General form of a PROC SQL query to create
a SAS data set:

PROC SQL;
CREATE TABLE SAS-data-set AS
SELECT ...
other SQL clauses,

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Uvod do SQL

Join the tables univ.mastercustomers and
univ.customerorders to create a new data set.

proc sql;
create table work.ordertotals as
select m.CustomerID,

CustomerFirstName,
CustomerLastName, OrderID,
UnitPrice, Quantity,
Quantity*UnitPrice as TotSale

from univ.mastercustomers as m,
univ.customerorders as c

where m.CustomerID=c.CustomerID;

quit;

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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‘Uvod do SOQL

General form of an SQL procedure query using
labels and formats:

PROC SQL;
SELECT variable LABEL="co/lumn-header
FORMAT=/ormat.
FROM SAS-data-set ;

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Uvod do SQL

Enhance the previous report.

proc sql;

quit;

select m.CustomerID,

CustomerFirstName format=$10.,

CustomerLastName format=$15.,

OrderlD,

UnitPrice format=dollar7.2,

Quantity,

Quantity * UnitPrice as TotSale
format=dollar8.2
label='Total Sale Amount'

from univ.mastercustomers as m,

univ.customerorders as c

where m.CustomerID=c.CustomerID;

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Jvod do SQL

Partial Output

Customer Customer Customer Unit Sale
ID First Name Last Name OrderID Price Quantity Amount
062096 Craig Knapmeyer 1240062267 $36.00 3 $108.00
062096 Craig Knapmeyer 1240832690 $27.00 4 $108.00
062284 Robert Britt 1238409388 $15.00 1 $15.00
062284 Robert Britt 1238409388 $33.00 1 $33.00
064810 Randall Goodman 1238248877 $175.00 4 $700.00
064810 Randall Goodman 1238248877 $283.00 1 $283.00
064810 Randall Goodman 1238273875 $220.00 1 $220.00
064810 Randall Goodman 1238768955 $52.00 1 $52.00
064810 Randall Goodman 1238842450 $24.00 1 $24.00
064810 Randall Goodman 1239353817 $59.00 2 $118.00
064810 Randall Goodman 1239489696 $11.00 2 $22.00
064810 Randall Goodman 1239608721 $22.00 3 $66.00
064810 Randall Goodman 1239608721 $46.00 3 $138.00
064810 Randall Goodman 1240590287 $21.00 2 $42.00

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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‘Uvod do SOQL

General form of an SQL procedure query to
generate summary output:

PROC SQL;
SELECT group-variable,
SUM(analysis-variable)
FROM SAS-data-set
GROUP BY group-variable;

[f a summary function is used in the SELECT clause
with only one argument, then an overall statistic is
calculated down the column.

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Uvod do SQL

e Step 1: Identify the variables to display, the input data
sets, and the matching criteria.

proc sql;
select m.CustomerID,
CustomerFirstName format=$10.,
CustomerLastName format=$15.,
sum (Quantity) label= 'Total Quantity',
sum (Quantity*UnitPrice) as TotSale
format=dollarl2.2

label="'Total Sale Amount'
from univ.mastercustomers as m,

univ.customerorders as c
where m.CustomerID=c.CustomerID;

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Uvod do SQL

e Step 2: Identify the grouping variable(s).

proc sql;
select m.CustomerID,
CustomerFirstName format=$10.,
CustomerlLastName format=$15.,
sum (Quantity) label='Total Quantity',
sum (Quantity*UnitPrice) as TotSale
format=dollarl2.2

label="Total Amount Purchased'
from univ.mastercustomers as m,

univ.customerorders as c
where m.CustomerID=c.CustomerID

group by m.CustomerID, CustomerFirstName,
CustomerLastName;

quit;

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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‘Uvod do SOQL

General form of an SQL procedure query to
generate ordered output:

PROC SQL;
SELECT group-variable,
SUM(analysis-variable)
FROM SAS-gata-set
GROUP BY group-variable
ORDER BY variablel <, variableZ> ;

The default is ascending order.

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Uvod do SQL

Order the report by total sale.

proc

quit;

sql;

select m.CustomerID,

CustomerFirstName format=$10.,
CustomerLastName format=$15.,
sum (Quantity) label='Total Quantity',
sum (Quantity*UnitPrice) as TotSale
format=dollarl2.2
label="Total Amount Purchased'
from univ.mastercustomers as m,
univ.customerorders as c
where m.CustomerID=c.CustomerID
group by m.CustomerID, CustomerFirstName,
CustomerLastName
order by TotSale;

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Uvod do SQL

Order the report by total sale - v sestupném poradi

proc

select m.CustomerID,

quit;

sql;

CustomerFirstName format=$10.,
CustomerLastName format=$15.,
sum (Quantity) label='Total Quantity',
sum (Quantity*UnitPrice) as TotSale
format=dollarl2.2
label="Total Amount Purchased'
from univ.mastercustomers as m,
univ.customerorders as c
where m.CustomerID=c.CustomerID
group by m.CustomerID, CustomerFirstName,
CustomerLastName
order by TotSale desc;

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Inner JOIN

® The INNER JOIN keywords can be used to join tables. The ON clause replaces
the WHERE clause for specifying columns to join. PROC SQL provides these
keywords primarily for compatibility with the other joins (OUTER, RIGHT, and
LEFT JOIN). Using INNER JOIN with an ON clause provides the same
functionality as listing tables in the FROM clause and specifying join columns
with a WHERE clause.

proc sql outobs=6; proc sql ;

title 'Oil Production/Reserves select p.country,

of Countries’; barrelsperday

select p.country, barrelsperday ’"Production’ , barrels
"Production’ , barrels ' Reserves’

"Reserves’ — | from sql.oilprod p inner
from sql.oilprod p, join sgl.oilrsrvs r
sql.oilrsrvs r on p.country = r.country
where p.country = r.country order by barrelsperday

order by barrelsperday desc; desc;

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Left JOIN
® Quter joins are inner joins that are augmented with rows from one table that do
not match any row from the other table in the join. The resulting output includes
rows that match and rows that do not match from the join’s source tables.
Nonmatching rows have null values in the columns from the unmatched table.
Use the ON clause instead of the WHERE clause to specify the column or

columns on which you are joining the tables. However, you can continue to use
the WHERE clause to subset the query result.

* A left outer join lists matching rows and rows from the left-
hand table (the first table listed in the FROM clause) that do
not match any row in the right-hand table. A left join is
specified with the keywords LEFT JOIN and ON.

proc sql;

select Capital format=$20., Name ’'Country’
format=$20.,

Latitude, Longitude

from sql.countries a left join sql.worldcitycoords b
on a.Capital = b.City and

a.Name = b.Country;

98
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Right JOIN

* A right join, specified with the keywords RIGHT JOIN and ON, is
the opposite of a left join: nonmatching rows from the right-hand
table (the second table listed in the FROM clause) are included
with all matching rows in the output.

proc sql outobs=10;

select City format=$20., Country
’Country’ format=$20., Population
from sql.countries right join
sql.worldcitycoords

on Capital = City and

Name = Country

order by City;

99
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[Inner/Full Outer/Left/Right JOIN

* A full outer join, specified with the keywords FULL JOIN
and ON, selects all matching and nonmatching rows.

proc sql outobs=10;

select City '#City# (WORLDCITYCOORDS) '
format=$20.,

Capital ’#Capital# (COUNTRIES)’
format=$20.,

Population, Latitude, Longitude

from sql.countries full join

sql .worldcitycoords

on Capital = City and

Name = Country;

100
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3. Priprava dat —cisténi, kategorizace,
agregace, transformace dat, uvod do
SAS Data Step

%
(? o
Pa ol

Ratio of bad loans in %
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/Ciéténl' dat: Prakticke zkusenosti

Pokud vase nova data obsahuji vice nez 30 cisel, tak je
v nich skoro jisté néjaka chyba.

Cisténi a priprava dat zabira obvykle 80 - 9o %
analytikova casu.

Pokud budete VELMI peclivi v této fazi, uSettite si
daleko vic ¢asu a nervii pozdéji — jinak stavite diim na
pisku.
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GIGO

» Garbage in, Garbage out (smeti dovnitf, smeti ven)

> sebelepsi model (proces) nevyrobi ze smeti nic jiného nez
opet smeti.
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Co zpusobi nekvalitni data

Sprava nekvalitnich/nadbytec¢nych dat

Nedorucené zasilky (marketing, fakturace)

Nespravné vysledky zpracovani (reporting, analyzy, data mining)
Spatné fungovani systému (nekompatibilita)

Ztrata image, nespokojeni klienti
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Co zpusobi nekvalitni data

>

1)
2)
3)

Pfi mailingové kampani jedné britské maloobchodni spolecnosti se
ukazalo, Ze jedna petina oslovenych uz zemrela. Presto (nebo pro to?)
byli obeslani s pozdravnym oslovenim ,Drahy pane Zesnuly“. ")

Jista pojistovna zjistila, Ze vétSina jejich zakaznikl ma |
zamestnani ,,Astronaut” — dalsi patrani ukazalo, ze ,Astronaut” je
prvni volba v seznamu v jejich CRM systému. 1)

44 000-98 000 Ameri¢anu rocné umira na zakladé odvratitelné
medicinské chyby jako prepsani pfi psani receptu, Spatné popsany
vysledek krevni zkousky, necitelna informace v pacientskych
zaznamech atd. Je to osma nejc¢astéjsi pricina umrti v USA 2

7.5.1999 bombardovaly ozbrojené sily USA cinske velvyslanectvi v
Jugoslavii. Vysetrovani zjistilo: CIA pouziva zastaraly mapovy material;
jesté k tomu pracovnik predlozil v dusledku chyby v datech Spatnou
adresu — ,Doslovné nakreslil X na nespravné misto® 3

Peel, M: Letters to the dead and other data dereliction. @ 2007 Financial Times Deutschland. http./f'www fid de, wydani z 2.10.2007
Cash, J. (1999): IT Can Reduce Medical Errors. ObsaZeno v: Wang, FPierce, Madnick: Information Quality, 2005
BBC: Americas chinese embassy warning ignored. @ 1999 BBC. hitp.//news/bbc_co.uk/1/hi/jworld/americas/37 775 stm, vydani z 2.10.2007
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Datova kvalita

Profiling, DQ Assessment - zjiSténi v jakém stavu jsou
data

Deduplikace, clustering, unifikace, konsolidace

Prevence:
» Data Governance - soustavna péce o data
> Master Data Management - feseni pro spravu klicovych dat

106



-_— —
K AVARV 4 Y 4
Cisteni dat: Overeni souboru

Ovéreni souboru s daty / zdroj dat
> Jsou to spravna data (¢as vzniku, vyzkum...)?
> Jsou kompletni, bez duplicit, umim je Cist...

Zkoumani pripadti
> Maji identifikatory?
Al Jsou tyto ID spravné?
> Neopakuji se (duplicity)?

Existuji i ,skoro” duplicity - dva podobné, ale ne piesné totozné zaznamy o
tomtéz subjektu.

> Nejsou vynechany?
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Cisténi dat: Ovéreni proménnych

Zkoumani metadat o proménnych
> Jsou tam vSechny proménné a spravneé znacené?

> Je jasné, co znamenaji (kodovniky, definice...)? Dokumentace
OK?

Pozor na mezinarodni studie, produkty konsorcii agentur a opakované viny
vyzkumt. Jemné nuance metody mohou zptisobit hruby nesoulad !

> Neopakuje se néktera proménna vicekrat?
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Cisténi dat: Prdzkum proménnych

Nabyva pripustnych hodnot (x out of range)?
,Divné“ kédy (,xxx* ,,9999%..)

Duplicitni kédy pro stejnou véc (,Z% ,z° ,Zena“, ,zena“..)

Kodovani cestiny/rustiny/...
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Cisténi dat: Prdzkum proménnych

Preklepy apod.

> Editovaci distance (Levenshteinova (Bragmwup nocuquaneBeHmeﬁH) ,
...) pomohou odhalit preklep

> Editovaci distance = pocet elementarnich editovacich krokt

potfebnych pro zménu jednoho fetézce na druhy. Viz
k Levenshteinové distanci

~lJe zde aplet, ktery ji umi pocitat

» Shlukovani retézcti podle ED
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Cisténi dat: Prdzkum proménnych

Sluc¢ovani podobnych kategorii (prodava¢ — prodejce -
prodavacka);

Malo cetné kategorie (narodnost brazilska...) - je tfeba
sloucit/prifadit k né&jaké(kym) vice cetné(nym)
kategorii(im) na zdkladé néjakého vhodného kriteria.

e distribuce primérena nasemu ocekavani (interval
hodnot, rozptyl, Sikmost, Spicatost, modalni
hodnoty...)? Neni napi. prili§ ,ofezand“ ¢i naopak
roztazena“?

> Nékdy se obtizné poznava: Napft. vék v ¢asti dat maze byt kédovan jako
posledni dvojcisli roku narozeni, a v jiné casti dat jako 2007 - rok
narozeni.

4\ n
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Cisténi dat: Prdzkum proménnych

Shluky (clumping), typicky kolem zaokrouhlenych hodnot
> Prijem -lidé radi zaokrouhluji smérem nahoru.

> Nebo tfeba kolem hranic vékovych kvot, vzniklé tim, jak tazatelé
yupravuji® véky respondentti, aby se vesli do kvot.

Chybéjici hodnoty (pii¢iny vzniku, zastoupeni,...)!!!
Pozor na kody ¢asti (amer. x evrop. konvence), regiont
apod.!
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Cisténi dat: Vazby mezi daty

Vice proménnych
> Kontingenc¢ni tabulky, box ploty s kategoriemi, bodové grafy a
jejich matice, korela¢ni koeficienty
> Logické vazby (napf. 1otilety nemtize byt Zenaty, 3otilety
nemtuZe pracovat 20let,...)

Hledani pomoci programu/kédu - podminky vyjadfime pomoci
prostifedkt matematické logiky a nechame pocitac, aby vyhledal
pripady, kde nejsou splnény.
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Cisténi dat: Vazby mezi daty

Vice proménnych
> Extrémni hodnoty vicerozmérného rozdéleni
Bodovy graf

VY V Vv

vV VeV

napt. P. Filzmoser (2004) A multivariate outlier detection method,

> Dalsi vlastnosti; napf. existuji ocekavané korelace?
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i$téni dat: Vazby mezi daty

korektni vkladani dat do DB

> text. pole s nazvem zbozi vs. rolovaci seznam

N4
s typem zbozi - <
100% 1 — — = =
90% 1 ——— +H— —
80% +— — H— — —H BvVT
70% 1+ — —H Bot
60% - — — — — HNA
50% H — — — — - — |owmr
4% — — — —1 1 — — |or
30% 4 M — 1 — — — |mcT
00 M1 171 e —1 [ |=BT
10% +H — 4 — —H — -
0% = B B
3 4 5 6 10 11 12
o /

» porfadi hodnot v rolovacim seznamu -
problém prvni (defaultni) hodnoty
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Cistéeni dat: Odlehlé hodnoty

o odlehla hodnota

—‘7 —— horni vnitfni hradba nebo max. hodnota
— horni kvartil
— median

L — dolni kvartil

dolni vnitfni hradba nebo min. hodnota

w —— extrémni hodnota

» kvartilova odchylka: g=x, . - X,
» vnitini hradby: x, ,. -1.5q, X, . + 1.5

» vné€jsi hradby: x,, ,. - 39, X, . + 39

» Odlehla hodnota lezi mezi vnéjSimi a vnitinimi hradbami, tj. v intervalu

(X0,75:|- 159, Xo,75+ 3q) éiv v interjfillu (.XO’25 “3Q, Xp 05~ 1 5Q).
» Extrémni hodnota lezi za vnéj$imi hradbami, tj. v intervalu (x, . + 3q, ©°)
»&ivintervalu (-e0,x, . -3q).
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Ciéténi dat: Opravy chyb

Zpét k pramentim!

Vyrazeni podezielych pripadi:
> Zamérné podvody, napi. nespolehlivi tazatelé (shlukova analyza!).
> Neovéritelna data.

Vytazeni podezielych hodnot.

Rekddovani na spravné hodnoty (imputace hodnot):

» imputace — primérem, medidnem, max./min. hodnotou, pomoci
modelu.
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Transformace dat

J Binarizace (dummy promeénné)

Dummy proménné predstavuji techniku vyuzivajici
dichotomické promeénné (kodované o nel);(’)l 1) pro
vyjadfeni  jednotlivych hodnot nominalnich
promeénnych.

Nazev ,dummy” poukazuje na fakt, ze pritomnost
znaku oznaceného kodem 1 reprezentuje faktor,
nebo soubor faktorf, ktery neni méritelny zadnym
lepsim zptisobem v ramci dané analyzy.

118



Dummy promenné

O Dummy proménna pfifazuje hodnotu 1 danému pozorovani vybrané proménné a
hodnotu o ve zbyvajicich piipadech.
2 Pro pohlavi (2 kategorie), napi. pfifadi 1 pro Zenu a o pro muze. V tomto piipadé
je postacujici vytvoreni pravé jedné dummy proménné.
2 Pro rasu (4 kategorie), je tfeba vytvorit vice dummy proménnych.
P1=1, pokud rasa=,béloch” a o jinak.
P2=1, pokud rasa=,¢ernoch” a o jinak.
P3=1, pokud rasa=,asiat” a o jinak.
P4=1, pokud rasa=,ostatni” a o jinak.
O Dtilezité: VSechny 4 proménné nejsou zahrnuty do regrese (zptsobilo by to
perfektni multikolinearitu, P4=1-P3-P2-P1).
d Pocet dummy proménnych=pocet kategorii -1.
d Vynechand proménna je ,referencni” proménnou.
O Konstanta obsahuje informaci o této referen¢ni proménné.
3 Koeficienty zahrnutych proménnych jsou brany ve vztahu ke konstanté.
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Transformace dat
J Kategorizace spojitych proménnych
» decily

J Agregace

J Segmentace
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Categorization of predictors

Every variable should be categorized (divided to reasonable number of
categories

- Bestse z);lration (default rates within categories are different as much as
possible

- Time stability (ordering in categories by default rate is the same in different
periods of development sample%

age_def | Gini 0. / - é )
[Gini [ 02212 [infoValue | 0.1558] age,_def =
Lz pocet podil | badrate 14.0% U 1 e

1 35 059 82%| 1311% 12 r 12.00%

3 32 401 75%|  981% 10.0% 3 oot

6 41 807 97%| B61% 8.0% 1 r8.00%

38 510 90%| 807% 50 ree0%

32 36 271 54%| 679% 2.0% r3.00%
36 44648 104%] 6 11% 20% 1 200
a1 50 015]  116%| 5 74% o R
5 10099 3 39 5 219 L 21 23 26 20 32 36 41 45 51 &0 )
51 54526 127%| 452%
60 56551]  132%| 371%
Total 429887 1000%  679%
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Categorization of predictors

* We want to find out real statistical dependencies, not random
differences in default.

age pct risky
period=0

Peth 011 S

i C_oge

0 0 13.01
1 .3
25 BT

7| .
% age pct risky
3 period=0
3 |
i
45 Peth 011 SUM
5
- 20 13.01
15 8.34
b 1.4
40 | §.62
55 .14
599399 1.51
[ UL o UL U PR LU LTU JRUPUITL) [ UL LR ILI PRI LU LU UL LU LT AL UL |
R N T S TR T A S T [ NS | N F S K AT
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Transformace dat - WOE
O Good celkovy pocet dobrych klientii ve vzorku
O Bad celkovy pocet Spatnych klienti ve vzorku
O good;s, bad? pocCet dobrych, resp. Spatnych klientt v i-té
kategorii prislusné s-té proménné.
0 celkova sance odds _all = good
bad
O Sance i-té kategorie s-té proménné odds,® = good;
bad,’
0 pomér Sanci (OR) odds ratio.® — odds.
- ' odds _all
0 WOE (weights of evidence)
good.® good.®
WOE,* = In(odds_ratiois)z | 231, gooc:
good bad,
bad bad
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Transformace dat -WOE

cat. # bad clients | #good clients Def rate odds OR % bad [1] % good [2] | [3] =[2]/[1] | WOE = In[3]
1 4 1 80,0% 0,25 0,03 40,0% 1,1% 0,03 -3,58
2 2 6 25,0% 3,00 0,33 20,0% 6,7% 0,33 -1,10
3 2 18 10,0% 9,00 1,00 20,0% 20,0% 1,00 0,00
4 1 12 7,7% 12,00 1,33 10,0% 13,3% 1,33 0,29
5 1 53 1,9% 53,00 5,89 10,0% 58,9% 5,89 1,77
All 10 90 10,0% 9,00
ALL 100
80% = 4/ (4+1) 100,0% 4,00
0,25=1/4 v
0,03=0,25/9 o0.0% 1 3.00
40% =4/ 10 80,0% \ 1400
1,1% =1/90 70,0% \ E ’
60,0% 7 1,00
?. 50,0% - \ I - 0,00 §
° a00m 1 \\! 1 -1,00
30,0% -

20,0% - \ ] 2%

10,0% \ \ 1

0,0% . . . -4,00

1 2 3 4 5
N \VOE == Def_rate|
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The SORT Procedure

The SORT procedure rearranges the observations
inwork.gtrlsalesrep and places them in order
by descending Last Name within Country.

Py PROGZReview.sas *

likbname orion '"s:\workshop';
Hdata work.gtrlsalesrep:;

S proc sort data=work.gtrlsalesrep;
by Country descending Last Name;
run;

The OUT= option in the SORT procedure can be used
to create an output data set, instead of overwriting the input data
set.

125
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The FORMAT Procedure

*The FORMAT procedure creates user-defined formats and
informats, and stores them in the SAS catalog work.formats by
default.

Fd PROGZReview.sas +

likname orion 's:hwworkshop':
Fdata work.gtrlsalesrep:;
Hproc sort data=work.dgtrlsalesrep:;

‘EI proc format;

value Sctryfmt "AU'="Australia’
"I "="TInited State="';

run/’s

® Vice na: http://www2.sas.com/proceedings/sugi27/po56-27.pdf
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The FORMAT Procedure

Range(s) can be
e single values
e ranges of values
e lists of values.

Labels
 can be up to 32,767 characters in length

e are typically enclosed in quotation marks,
although it is not required.

127
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Character User-Defined Format
character discrete
format character
name values
proc format; y '
value Sctryfmt 'AU' = 'Australia'
'US' = 'United
States'
other = 'Miscoded';
run; 1

| kEYV\-IOI‘d |

| Ial;els |

The OTHER keyword matches all values that do not
match any other value or range.

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Character User-Defined Format

|proc format;

value Sctryfmt 'AU' = 'Australia'
‘ Part 1 ‘ 'US' = 'United States'
other = 'Miscoded';
run;

proc print data=orion.sales label;
var Employee ID Job Title Salary
Country Blrth Date Hire  Date;
label Employee _ ID='Sales ID'"
Job Title='Job Title'
Salary='Annual Salary'
Birth Date='Date of Birth'
Hire Date='Date of Hire'
format Salary dollarl0.0
Birth Date Hire Date monyy7.
Country S$ctryfmt. ;

‘ Part 2

run,
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Character User-Defined Format

Partial PROC PRINT Output

60
61
62
63
64
65
66
67
68
69
70
71
72

Obs

120178
120179
120180
120198
120261
121018
121019
121020
121021
121022
121023
121024
121025

Sales
Sales
Sales
Sales
Chief
Sales
Sales
Sales
Sales
Sales
Sales
Sales
Sales

Sales ID Job Title

Rep.
Rep.
Rep.
Rep.

Rep.
Rep.
Rep.
Rep.
Rep.
Rep.
Rep.
Rep.

II

III

II

II1I
Sales Officer

II
IV
IV
IV
IV
I

II
II

Annual

Salary

$26,165
$28,510
$26,970
$28,025

$243,190

$27,560
$31,320
$31,750
$32,985
$32,210
$26,010
$26,600
$28,295

4 Country )

United
United
United
United
United
United
United
United

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.

Australia
Australia
Australia
Australia

States
States
States
States
States
States
States
States

.United States‘

Date of
Birth

NOV1954
MAR1974
JUN1954
JAN1988
FEB1969
JAN1944
JUN1986
FEB1984
DEC1974
0CT1979
MAR1964
SEP1984
0CT1949

Date of
Hire

APR1974
JAN2004
DEC1978
DEC2006
AUG1987
JAN1974
JUN2004
MAY2002
MAR1994
FEB2002
MAY1989
MAY2004
SEP1975
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Numeric User-Defined Format
numeric
ranges
proc format; |
value tiers 20000-49999 = 'Tier 1'
T 50000-99999 = 'Tier 2'
100000-250000 = 'Tier 3';
run, numeric f
format '
name | labels |

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Numeric User-Defined Formats

The less than (<) symbol excludes values from ranges.

e Put < after the value if you want to exclude the first value in
a range.

e Put < before the value if you want to exclude the last value

in a range.

50000 - 100000 Includes 50000 Includes 100000
50000 - < 100000 Includes 50000 Excludes 100000
50000 < - 100000 Excludes 50000 Includes 100000

50000 < - < 100000 Excludes 50000 Excludes 100000

132
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Numeric User-Defined Format
| keyword |
|
proc format; ‘
value tiers low-<50000 = 'Tier 1'
50000- 100000 = 'Tier 2'
100000<-high = '"Tier 3';
run; T
i keyword i

LOW encompasses the lowest possible value.
HIGH encompasses the highest possible value.

133
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Other User-Defined Format Examples

proc format;
value S$Sgrade 'A' = 'Good'
'B'-'D' = 'Fair'
'F' = 'Poor'
'IT','U' = 'See Instructor'
other = 'Miscoded';
run;
proc format;
value mnthfmt 1,2,3 = 'Qtr 1
4,5,6 = 'Qtr 2'
7,8,9 = 'Qtr 3'
10,11,12 = 'Qtr 4'
. = 'missing'
other = 'unknown';
run;

134
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Multiple User-Defined Formats
Multiple VALUE statements can be in a single
PROC FORMAT step.
proc format;
value S$Sctryfmt 'AU' = 'Australia'
'US' = 'United States'
other = 'Miscoded’;
value tiers low-<50000 = 'Tier 1'
50000- 100000 = 'Tier 2'
100000<-high = 'Tier 3';

run,

Reprodukovano se svolenim spole¢nosti SAS Institute Inc.,

Cary, NC, USA.
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The FORMAT Procedure

proc format; proc tabulate data=libl.tabl
value $Sgoods t missing;

'BT'="A" title "D vs. goods type";
'BZ'='D, class goods type D;

table (goods type all), (D

''='missing'

by e .g : all)*(n colpctn='c%'
—-m1§81ng rowpctn='r%") ;

.='missing’ format goods type $goods t.;

’ run,;

run,
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The FORMAT Procedure

proc format;
value good typ

1=1 Data libl.tabl;

2=3 Set 1libl. tabl;

3=10 goods type3=goods type2;
: format goods typen3n
run; good typ.;

run;
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The FORMAT Procedure

proc format;

invalue good t2e

'BT'=4
'BZ'=5
'CK'=5
other=-1

run,

data libl. tabl;

set 1libl. tabl;

goods typel=upcase (goods type) ;
goods type3n=input (goods typel, goo
d t2e.);

evid id=put (evid id,z1l0.);

run,
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Replacing Missing Values

The COALESCE function enables you to replace missing values in a column with a
new value that you specify. For every row that the query processes, the COALESCE
function checks each of its arguments until it finds a nonmissing value, then returns
that value. If all of the arguments are missing values, then the COALESCE function
returns a missing value. For example, the following query replaces missing values in
the LowPoint column in the SQL.CONTINENTS table with the words Not Available:

Output 2.14 Using the COALESCE Function to Replace Missing Values

proc sql;
title 14 Continental Low Continental Low Polnts
Points’ : O O e
! Africa Lake Assal
select Name’ Antarctica Not_Available
. iﬁiiralia Ea}aig :Yie
Coalesce (LOWPOlnt / Central Bmerica and caribbean Hot Avallabls
Eurcpe Casplan Se
Y Not Available’ ) as N:-}EEE Emerica DzafhaVallzy
Oceanla Hot Avallabls
LOWPOint socuth America Valdes Penilnsula

from sql.continents;
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The DATA Step

The SAS DATA step

¢ is the original SAS programming language for data
manipulation

 can be used as a complete programming language

¢ is generated by SAS Enterprise Guide when data is imported
or in support of other tasks.

140
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Advantages of the DATA Step over SQL

DATA Step

Can read data from many different
sources

Can create multiple tables in a
single pass of the data

Has comprehensive conditional
processing

Can deal with repetitive
programming using loops and
arrays

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.

SQL

Can only read from SAS database
tables

Can only output one table at a time

Only has the CASE clause

Does not support loops or arrays
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‘Advantages of SQL over the DATA Step

SQL DATA Step

Is very flexible when joining Can require several steps to join
multiple tables with non-common multiple tables with different key
key variables variables

Can, in some cases, replace Can require several steps

multiple SAS steps

Is the native language of databases Might need to generate SQL to get
to data that is not SAS data

Choose the right tool for the task to be completed.

142
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“The DATA Statement

The DATA statement begins a DATA step and provides
the name of the SAS data set being created.

General form of the DATA statement:

DATA output-SAS-data-set;
SET input-SAS-data-set;
<additional SAS statements>
RUN;

The DATA statement can create temporary or permanent
data sets.

143
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"The SET Statement

The SET statement reads observations from a SAS data set for
further processing in the DATA step.

General form of the SET statement:

DATA output-SAS-data-set;
SET input-SAS-data-set;
<additional SAS statements>
RUN:;

By default, the SET statement does the following:
e names the SAS data set(s) to be read
e reads all observations and all variables from the input data set
 can read temporary or permanent data sets

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Business Scenario: Reading a SAS Data Set

This program does the following:
m reads all the rows and all the

4

data work.comp;

. set orion.sales;
columns from the sales data set in run:

the orion library

m writes all the rows and all the
columns to a data set named
comp in the Work library

Partial Listing of comp

l@ EmplIlE_:,lEE ﬁ:-, Egﬂa ﬁx Iﬂa;;E .@5 Gender @ Salary .@5 Job_Title .@5 Country @ Birth_D ate @ Hire_Date
120102 Tam Zhou b4 108255 Sales Manager AU 2510 10744
120103 Wilzon Dawes i 37375 Sales Manager AL -39596 5114
120121 lrenie Elvizh F 2600 Salez Rep. 1l Al -BE30 5114
120122 Chriztina MHagan F 27475 Salez Rep. |l Al 1984 E7RBE
120123 Kirmiko Hotztone  F 267190 Salez Rep. | Al 1732 3405
120124 Lucian Daprmond b 26430 Salez Rep. | Al -233 E339

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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/Selecting Variables

You can control the variables written out to SAS data
sets using the following:

e the DROP statement to specify the variables that
you want excluded

e the KEEP statement to specify the variables that
you want included

General form of DROP and KEEP statements:

DROP variablel variable2 ...:

KEEP variablel variable? ...:

146
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Business Scenario: Selecting Variables

data work.comp;
set orion.sales;

run,

drop Gender Salary Job Title
Country Birth | Date Hire _Date;

This program can do these tasks:

m read all the rows and columns from
orion.sales

m write all the rows and the three
columns not excluded via the DROP
statement to a data set called comp in
the Work library

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.

Partial Listing of comp

(@ Emelgree 4 fimts 0 o
120102 Tom < hio
120703 wilzon Dl awes
120127 lrenie E Ivizh
120122 Chnztina - Mgan
120123 Kirniko Hotztone
1207124 Lucian D ayrond
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Selecting Rows
Partial Listing of austemp

izl Empllc[livee K Egﬁ:; /% Last_Mame|/. Gender /20 Salary % Job_Titke |2 Country
1 120102 Tom £hou b 108255 Sales Manager AU
2 120103 Wilzon D awes b4 37375 Sales Manager Al
3 120125 Fong Hofmeizter k4 32040 Sales Rep. IV (AL
4 120128 Monica kletzchkus F 30830 Sales Rep. IV (AU
L 120129 Alvin Roebuck b4 30070 Sales Rep. 1 Al
6 120135 Alexel Platts k4 32490 Sales Rep. Y (AU
Fi 120144 iney Barbiz b4 J0265: Sales Rep. I Al
8 120154 Caterina Hayawardhana F 30430 Sales Rep. I Al
3 120158 Daniel Filgrirn kd JBE05: Sales Rep. Ml Al
10 120159 Lynelle Phournirath F J0VEE: Sales Rep. IV (AL
11 120161 : Rosette b artines F 30735 Sales Rep. I Al
12 120166 Fadi M owwd k4 J0EED: Sales Rep, IV (AL

Orion wants to subset the data to only include Australian
employees with a salary greater than $30,000.

148
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Selecting Rows with the WHERE Statement

You can control which rows are read from a SAS data set by using
the WHERE statement.

General form of the WHERE statement:

WHERE expression;

e Only one WHERE statement can be included
in a DATA step.

e The expressions that can be used are the same as
expressions built in the Filter Data tab using either the
Edit Filter window or the Advanced Expression Editor.
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Comparison Operators -examples

‘where Gender = 'M';‘

|where Gender eq ' ';|

|where Salary ne .;|

|where Salary >= 50000; |

|where Country in ('AU','US'); el et e
separated by

‘ where Country in ('AU' 'US'); commas or blanks.

150
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Arithmetic Operators - examples

‘where Salary / 12 < 6000;‘

‘where (Salary / 12 ) * 1.10 >= 7500;‘

‘where Salary + Bonus <= 10000;‘
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Logical Operators - examples

‘where Gender ne 'M' and Salary >=50000;‘

‘where Gender ne 'M' or Salary >= 50000;‘

| where Country = 'AU' or Country = 'US';|

|where Country not in ('AU' 'US') ;|

152



Multiple Choice Poll — Correct Answer

Which WHERE statement correctly subsets for numeric
months May, June, or July and character names with a missing
value?

a. where Months in (5 - 7) andNames=. ;

here Monthsin (5 , 6 , 7) andNames="' ';

c. whereMonthsin ('5', '6' , '7') andNames=".";

153
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Creating New Variables

Assignment statements are used in the DATA step to update existing
variables or create new variables.

An assignment statement does the following:
 evaluates an expression
e assigns the resulting value to a variable

General form of an assignment statement:

variable=expression;

DATA output-SAS-data-set;
SET input-SAS-data-set;
variable = expression;

RUN;

154
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SAS Expressions

An expression contains operands and operators
that form a set of instructions that produce a value.

Operands are Operators are
m variable names = symbols that request
m constants. arithmetic calculations

m SAS functions.

An expression entered in an assignment statement is identical
to an expression built using the SAS Enterprise Guide Advanced

Expression Editor.
155
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Operands
Operands are constants (character, numeric, or date)

and variables (character or numeric).

Examples:

‘Bonus = 500;|-—| numeric constant ‘

‘Gender = 'M' ;|<—| character constant ‘

‘NewSalary 1.1 * Salary;|—| variable ‘

‘Hire_Date = 'OlAPR2008'd;|—| date constant ‘

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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'SAS Date Constants

The constant 'ddMMMyyyy'd (example: 14dec2000'd) creates a
SAS date value from the date enclosed in quotation marks.

dd IS a one- or two-digit value for the day.

MMM Is a three-letter abbreviation for the month
(JAN, FEB, MAR, and so on).

yyyy Is a four-digit value for the year.

d IS required to convert the quoted string to a SAS
date.

157
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Operators are symbols that represent an arithmetic
calculation and SAS functions.

Examples:

|Revenue = Quantity * Price;|

| NewCountry = upcase (Country) ; |

158

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.



//

“Arithmetic Operators

Arithmetic operators indicate that an arithmetic calculation is
performed.

o exponentiation |

- negative prefix I

* multiplication 1
/ division I
+ addition 11
- subtraction 1]

If a missing value is an operand for an arithmetic operator, the
result is a missing value.

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Multiple Choice Poll — Correct Answer

What is the result of the assignment statement given
the values of varl and var2?

. (missing)
b. o

C. 5
varl var2
d. 10

10

num = varl + var2 / 2;‘

If an operand is missing for an arithmetic operator,

the result is missing.
160
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Using SAS Functions

SAS functions can do the following:
e perform arithmetic operations

e compute sample statistics (for example: sum, mean, and
standard deviation)

e manipulate SAS dates
e process character values
e perform many other tasks

Sample statistics functions ignore missing values.

SAS functions can be used in the DATA step or in the
Advanced Expression Editor of the Query Builder to create new
columns or filter data.

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Multiple Choice Poll — Correct Answer

What is the result of the assignment statement given
the values of varl, var2, and var3?

a. . (missing)

b. o

C. 4
6

Varl Var2 Var3
9 . 3

|Average = mean(Varl,Var2,Var3) ;|

162
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Using Date Functions

You can use SAS date functions to do the following:
e create SAS date values
e extract information from SAS date values

Calendar Date

<+—  (1JAN1959 = 01JAN1960 —— 01JAN1961 —
+—-365 0 366 >

SAS Date Value

163
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Date Functions: Creating SAS Dates

TODAY () obtains the date value from the
system clock.

MDY (month,day,year) uses numeric month, day, and year
values to return the corresponding
SAS date value.

Example:

|Days_$ince_Qrder = today () - Order Date;

164
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‘Date Functions: Extracting Information

YEAR(SAS-date)
QTR(SAS-date)

MONTH(SAS-date)

DAY (SAS-date)

WEEKDAY (SAS-date)

extracts the year from a SAS date and
returns a four-digit value for year.

extracts the quarter from a SAS date and
returns a number from 1 to 4.

extracts the month from a SAS date and
returns a number from 1 to 12.

extracts the day of the month from a SAS
date and returns a number from 1 to 31.

extracts the day of the week from a SAS
date and returns a number from 1 to 7,
where 1 represents Sunday, and so on.

Example: | BonusMonth = month (Hire Date) ;|

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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The LABEL Statement

Permanent labels can also be assigned in the DATA step.
General form of the LABEL statement:

LABEL variable = 'label’
variable = 'label’
variable = 'label";

e A label can be up to 256 characters.

e Any number of variables can be associated with labels in a single
LABEL statement.

e Using a LABEL statement in a DATA step permanently associates

labels with variables by storing the label in the descriptor portion
of the SAS data set.

166
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Business Scenario: Formats and Labels

data work.comp;
set orion.sales;
Bonus=500;
Compensation=sum(Salary,Bonus) ;
BonusMonth=month (Hire Date) ;
drop Gender Salary Job Title Country
Birth Date;
format Bonus Compensation dollarS8.
Hire Date date9.;
label Employee ID="Employee ID"
First Name="First Name"
Last Name="Last Name"
BonusMonth="Month of Bonus"
Hire Date="Hire Date";

run,
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4. Exploracni analyza, vizualizace dat,
kontingencni tabulky
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Exploraéni analyza — PROC?

Je tieba pochopit data:

> najit chyby v datech

> najit vzory v datech

> najit porusenti statistickych predpokladi, testovani hypotéz

> ...a predevsim proto, ze pokud to neudélame, budeme mit
velké problémy pozdéji.
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Explorace dat - jednorozmeérna

Frekvencni tabulky, histogramy:

pocet podil badrate

Muz 248 768 55,0% 13,08%

Zena 203 194 45,0% 7,69%

Total 451 962 100,0% 10,66%
delka_zamestnani pocet podil badrate

0 20 825 4,6% 4,69%

1 163 144 36,1% 13,43%

2 67 462 14,9% 12,80%

3 43 778 9, 7% 10,97%

4 26 256 5,8% 10,01%

5 27 526 6,1% 9,32%

6 15 893 3,5% 8,16%

8 18 036 4,0% 8,39%

10 17 195 3,8% 6,72%

20 33641 7,4% 5,60%

24 5176 1,1% 4,48%

48 12 934 2,9% 4,28%

666 96 0,0% 3,13%

Total 451 962 100,0% 10,66%

/7
e -
pohlavi | = pdle
60,0% = 14,00%
s =+ 12,00%
50,0% )
40,0% \\ 4 10,00%
30.0% — 1 8,00%
’ <+ 6,00%
20,0% 1 4,00%
10,0% = 2,00%
0,0% 0,00%
\_ Muz Zena J
4 ) == podil
delka_zamestnani adrate
40,0% 15,00%
30,0% T
\___\ 4 10,00%
20,0% /
4 0,
10,0% { \‘ 5,00%
0,006 L AL 1 .D.D.D.D.D.D.-:.D. 0,00%
_ 0 1 2 3 4 5 6 8 10 20 24 48 666 )
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Explorace dat - jednorozmeérna

) vySe Uvéru vs. bad rate

OK? Nebo je to zpUsobeno jinym faktorem???

e :
| I— |
vyse_uveru = podi
25,0% D000
20,0% _ A\
; 1 15,00%
10,0% \_—— 1 1000%
,JU70 |
5 0% | :Ir_ —" 5,00%
0,09 + L 1 L L P H.H.r‘.m. 0,00%
Q Q Q Q Q (\) \) Q Q Q
\ <’.)° '&Q '»(OQ '],QQ (ﬁ)Q %QQ r§30 D‘QQ biog QQ

171



\/
| —

Explorace dat - jednorozmeérna

spojite promenne:

» Prumeér

> Modus

> Kvantily

> Rozptyl

» Min./maximalni hodnota

je vhodna kategorizace
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Explorace dat - jednorozmeérna

] Histogramy, box ploty
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] Stabilita v Case

~
Pocet navrhii smluv - typ zbozi Pocet navrhii smluv - typ zbozi
60 000 100% 1 e
50 000
80% 1— —
40 000 —_—cr
EK 60% +— —
30 000 MT
NA 40% —
20 000 —or — —
10 000 20% 1
o T T T T T 0% . . . .
27.2.-53. 63.-123. 133.-193 203.-263. 273.-24. 34.-94 27.2.-53. 6.3.-123. 13.3.-19.3. 20.3.-263. 27.3.-24. 3.4.-94.
- J
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Explorace dat - vicerozmerna

—_— =

Kontingenc¢ni tabulky

do 5000|5000- 10 000 | 10 000 - 15 000 | vic nez 15 000
BT 4 291 8 581 9176 9 044
CT 7 587 12 493 6 500 7236
FK 258 1017 851 557
MT 27191 39551 16 524 5992
NA 426 1088 1114 2737
oT 2478 3 689 2103 3475
VT 384 1001 963 9 086
row % do 5 000 5 000 - 10 000 | 10 000 - 15 000 | vic nez 15 000
BT 13,8% 27,6% 29,5% 29,1%
CT 22,4% 36,9% 19,2% 21,4%
FK 9,6% 37,9% 31, 7% 20,8%
MT 30,5% 44,3% 18,5% 6,7%
NA 7,9% 20,3% 20,8% 51,0%
oT 21,1% 31,4% 17,9% 29,6%
VT 3,4% 8,8% 8,4% 79,5%
col% do 5000 |5000- 10000 |10 000 -15 000 | vic nez 15 000
BT 10,1% 12,7% 24,6% 23, 7%
CT 17,8% 18,5% 17,5% 19,0%
FK 0,6% 1,5% 2,3% 1,5%
MT 63,8% 58, 7% 44,4% 15,7%
NA 1,0% 1,6% 3,0% 7,2%
oT 5,8% 5,5% 5,6% 9,1%
VT 0,9% 1,5% 2,6% 23,8%
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Explorace dat - vicerozmeérna

100%

80%

60%

40%

20%

0%

Pocet navrhi smluv - typ zbozi
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(e1) FK
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i i

oT

VT

017 avic
m12-16
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o08-9
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04-5
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80%
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40%
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0%

Pocet navrha smluv - typ zbozi
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mll=

=

|| | lli
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6-7
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17 avic

O vic nez 15 000

010 000 - 15 000
@ 5000 - 10 000
O do 5 000

BT

oT

VT
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Pocet navrhi smiuv - typ zbozi

—

L

|BVvT
ooTr
B NA
aowmMT
OFK
|CcT
oBT

do 5 000

5000 - 10 000

10000 - 15 000

vic nez 15 000
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Explorace dat - vicerozmeérna

/

- Vek vs. délka zameéstnani

5 let
...defaultni
hodnota???
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Explorace dat - vicerozmeérna

2 Vék vs. délka zaméstnani vs. default
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Relationships between Continuous
Variables — scatter plots
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Correlation
/**Negat‘w e,\ Ze ro (Pos/trive s
* *;gssé** % i
* *k X K
- %ﬁz J - - *M
STRONG weak STRONG
Negative Positive
1 0 1

Correlation Coefficient

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Extreme Data Values

Odlehlé (extrémni) hodnoty mohou zcela zkreslit vysledky analyzy.

dataset = 1 dataset =2
20 — %
15 —
10 — —
>
0.02
5 —
X
0 ] b 3
| | | | | | | | | | | |
0] 2 4 6 8 10 O 2 4 6 8 10
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Diskriminacni sila proménnych pro prediktivni
modely

Weight of evidence, information value

r ... number of levels (categories) of the categorical variable
g; ... number of “goods” the in ~th category

b; ... number of "bads” the in /th category

G =2 g;... total number of “goods”

B := 2 b;... total number of "bads”

Weight of evidence for the +th category: woe; = In(g;/ G)—In (b;/ B)
Information value for the £th category: Inf val; = [(g;/ G) — (b;/ B)] -
woe;

Total information value for the corresponding variable:  Inf_val = Z inf_val;
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Diskriminacni sila proménnych

Incorporation Date

—_— =

Raw RegVar Percant B G TOT G/BOdds %Good %Bad BadRate WoE v

0 & NOI nc 1 12% . 139 = 952 1091 7 11% | 19% . 127% . -0557. 0,046116
1 nc2  13% 133 1073 1206 8 12% | 19% . 11,0% . -0,394 0023731
27 miss___ 42% __ 299 3601 _ 3900 12 2% 4% 1.0% 0,007 2,04E-05
8-15 nc3  22% 108 1942 2050 18 23%  15%  53% 0,408 0,030887
16+ nc 4 11% 39 1019 1058 26 12% | 5% . 37% 0,781 0,050288
Total 718 8587 9305 12 7,7% 0,151

> <0.02 unpredictive

> 0.02-0.1 weak

> 0.1 -0.3 medium

> 0.3 — 0.5 strong

> >0.5 too high ...je tieba provérit, pravdépodbné je néco Spatné
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Diskriminacni sila proménnych

Lorenzova kfivka, Giniho index

X=F, B0 (a)
Y =F.coopn(@), ac[L,H].

Gini = =2A

A+ B

n+m

Gini =1- Z(Fm,BADk o Fm.BAD k—l) ) (Fn.GOODk + Fn.GOODk—l)
k=2
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Diskriminacni sila proménnych

Lorenzova kfivka ...kontrola monoténnosti vysvétlované
proménné (def. rate) na dané vysvétlujici proménné

1
09t
0.25) 0.8}
07k
0.2}
£ 3
= g
‘@ w
[
015}
01k o2r
01f
O L L L 1 L L L 1 L
0.05 ! ! ! ! ‘ ! ! ‘ ‘ 0 0.1 0.2 0.3 0.4 05 0.6 07 0.8 0.9 1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 F

prediktor BAD

Kategorizace (WOE)
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Diskriminacni sila promeénnych

Giniho index

> <0.05 unpredictive

> 0.05 - 0.1 weak

> 0.1 -0.2 medium

> 0.2 -0.5 strong

> >0.5 too high ...je tfeba provérit, pravdépodbné je

neéco spatne
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riminacni sila proménnych

|pohlavi | [Gini: [ o0,1401]
pocet podil badrate

Muz 248 768 55,0% 13,08%

Zena 203 194 45,0% 7,69%

Total 451 962 100,0% 10,66%

|delka_zamestnani_hrube | [Gini: [ o1611]
pocet podil badrate

0 20 825 4,6% 4,69%

1 163 144 36,1% 13,43%

5 165 022 36,5% 11,29%

666 102 971 22,8% 6,45%

Total 451 962 100,0% 10,66%

[delka_zamestnani_jemne | [Gini: [ 0,1762]
delka_zamestnani pocet podil badrate

0 20 825 4,6% 4,69%

1 163 144 36,1% 13,43%

2 67 462 14,9% 12,80%

3 43778 9,7% 10,97%

4 26 256 5,8% 10,01%

5 27 526 6,1% 9,32%

6 15893 3.5% 8,16%

8 18 036 4,0% 8,39%

10 17195 3,8% 6,72%

20 33 641 7,4% 5,60%

24 5176 1,1% 4,48%

48 12934 2,9% 4,28%

666 96 0,0% 3,13%

Total 451 962 100,0% 10,66%

[info.value: | 0,0828|
Info.Value: 0,1100
[Info.value: [ 0,1285]

pohlavi

== podil
badrate

60,0%
50,0%

o
=+ 12,00%

- 10,00%

40,0%
30,0%

=+ 8,00%

20,0%

=+ 6,00%

T 4,00%

10,0%

0,0%

= 2,00%

Muz Zena

0,00%

40,0%

delka_zamestnani_hrube

=3 podil
badrate

35,0%

0

30,0%

=

14,00%

12,00%

25,0%

20,0%
15,0%

10,0%

5,0%

10,00%
r 8,00%
- 6,00%
r 4,00%
r 2,00%

0,0%

0,00%

40,0%

delka_zamestnani

= podil
badrate

30,0% -
20,0% -

10,0% -

0,0%

15,00%

+ 10,00%

-+ 5,00%

| {‘D‘D‘D‘D‘D‘D‘D‘E‘D‘

0,00%

0O 1 2 3 4 5 6 8 10 20 24 48 666
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The One-Way Frequencies Task

One-Way Frequencies for Local:SASUSER.SALES x|
M_ ) D ata
Statistics
Plotz
Fesults Data zource:  Local SASUSER.SALES : 1=
) . Edit...
Title:s T azk filker: Mone
Properties
Wariables to azzign: Tazk roles:
M arne | @ Analysis variables - p— I
izl Purchase e 1 owyarniable requireds
A, Gender i Frequency count [Limit =~
A Income | Group analysis by
(@ Age
I -
4| 3
The zelection pane enables vou to chooze different zets of optionz far the task. :I
[-

=] Preview code Fun |"| Save Cancel Help

The "fnalysis wariables" role must have at lzast 1 wariable assigned ko i,

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA. 187



The Table Analysis Tas

Tahbles

Cell Statistics

Table Statistics
Azzociation
Agreement
Ordered Differences
Trend Test
Computation Options

Fesultz
Cell Stat Resultz
Table Stat Results

Titles

Properties

|:1 Preview code

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.

i= Table Analysis for Local:SASUSER.SALES_IMCLEYEL

Data

Data source:
T azk filker:

Local:5ASUSER.SALES_IMCLEVEL

“anables to agsign:

Hame

izl IncLevel
@ Purchaze
A Gender
A Income
iizh Age

=2
K

Tazk roles:

i@#| Frequency count [Limit: 1 i
4 Group analysis by

45 Table vaniables F |

<wariable required:
<wariable required:

| |

Select a colum...

The zelection pane enables you to chooze different sets af options for the task.

You must define at least one table on the Tables page.

Fur |"| Sawve

Cancel
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The FREQ Procedure

The FREQ procedure can do the following:

e produce one-way to n-way frequency and crosstabulation (contingency)
tables

e compute chi-square tests for one-way to n-way tables and measures of
association and agreement for contingency tables

e automatically display the output in a report and save the output in a SAS
data set

General form of the FREQ procedure:

PROC FREQ DATA=SAS-data-set
<option(s)>;

TABLES variable(s) </ option(s)>;
RUN;

189
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The FREQ Procedure

A FREQ procedure with no TABLES statement generates one-way frequency
tables for all data set variables.

proc freq data=orion.sales;
run;

This PROC FREQ step creates a frequency table for the following nine
variables:

* Employee ID * Job Title
* First Name e Country

e Last Name * Birth Date
o Gend;r * Hire Date

e Salary

190
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The TABLES Statement

/

The TABLES statement specifies the frequency and

crosstabulation tables to produce.

proc freq data=orion.sales;
tables Gender Country;
run;

-

one-way
frequency tables

An asterisk between variables requests a n-way crosstabulation

table.

proc freq data=orion.sales;
tables Gender*Country;
run;

-

two-way
frequency table

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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The TABLES Statement

A one-way frequency table produces frequencies, cumulative
frequencies, percentages, and cumulative percentages.

proc freq data=orion.sales;
tables Gender Country;
run,
The FREQ Procedure
Cumulative Cumulative
Gender Frequency Percent Frequency Percent
F 68 41.21 68 41.21
M 97 58.79 165 100.00
Cumulative Cumulative
Country Frequency Percent Frequency Percent
AU 63 38.18 63 38.18
UsS 102 61.82 165 100.00

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA. 192
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The TABLES Statement

An n-way frequency table produces cell frequencies, cell
percentages, cell percentages of row frequencies, and cell

percentages of column frequencies, plus total frequency and
percent.

proc freq data=orion.sales;
tables Gender*Country;

run; \__WF__J\__WF__J

rows columns

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA. 193
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The TABLES Statement

Total

68
41.21

97
58.79

165
100.00

The FREQ Procedure
Table of Gender by Country

Gender Country

Frequency

Percent

Row Pct

Col Pct |AU UsS

F 27 41
16.36 24.85
39.71 60.29
42.86 40.20

M 36 61
21.82 36.97
37.11 62.89
57.14 59.80

Total 63 102
38.18 61.82

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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monal SAS Statements

*Additional statements can be added to enhance the report.

proc format;
value S$ctryfmt 'AU'='Australia'
'US'='United States';
run;

options nodate pageno=1;

ods html file='pll2d0l.html';
proc freq data=orion.sales;
tables Gender*Country;
where Job Title contains 'Rep';
format Country Sctryfmt.;
title 'Sales Rep Frequency Report';
run;
ods html close;

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA. 195
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"Additional SAS Statements

HTML Output

e —

Sales Rep Frequency Report

The FREQ Procedure

Frequency
Percent
Row Pct
Col Pct

Table of Gender by Country

Country

Gender | Australia United States Total
F 27 40 67
1698 2516 4214

40 30 5970

44 26 40 82
M 24 53 g2
2138 A48 5T E6

36 .96 63 .04

5574 5918
Total 61 93 159
38336 6164 10000

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Options to Suppress Display of Statistics

Options can be ©placed in the TABLES statement
after a forward slash to suppress the display of the default statistics.

suppresses the display of cumulative frequency

NOCUM )
and cumulative percentage.
NOPERCENT suppresses the display of percentage, cumulative percentage,
and total percentage.
NOFREOQ suppresses the display of the cell frequency and
total frequency.
NOROW suppresses the display of the row percentage.

NOCOL suppresses the display of the column percentage.

197
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Additional TABLES Statement Options

Additional options can be placed in the TABLES
statement after a forward slash to control the displayed

output.
LIST displays n-way tables in list format.

CROSSLIST displays n-way tables in column format.

FORMAT= formats the frequencies in n-way tables.

198
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LIST and CROSSLIST Options

Cumulative Cumulative

Gender Country Frequency Percent Frequency Percent
F Australia 27 16.36 27 16.36
F United States 41 24.85 68 41.21
M Australia 3  21.82 104 63.03 Itables Gender*Country / ]_lst;l
M United States 61 36.97 165 100.00
| |
Table of Gender by Country
Row Column
Gender Country Frequency Percent Percent Percent
F Australia 27 16.36 39.71 42.86
United States 41 24.85 60.29 40.20
Total 68 41.21 100.00
M Australia 36 21.82 37.11 57.14
United States 61 36.97 62.89 59.80
Total 97 58.79  100.00 |tab1es Gender*Country / crosslist;
Total Australia 63 38.18 100.00
United States 102 61.82 100.00
Total 165 100.00

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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PROC FREQ Statement Options

Options can also be placed in the PROC FREQ statement.

displays a table that provides the number of levels

NLEVELS for each variable named in the TABLES statement.

PAGE displays only one table per page.

begins the display of the next one-way frequency table
COMPRESS onthe same page as the preceding one-way table if
there is enough space to begin the table.

200
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NLEVELS Option

proc freq data=orion.sales nlevels;

tables Gender Country Employee 1ID;
run;

Partial PROC FREQ Output

The FREQ Procedure

Number of Variable Levels

Variable Levels
Gender 2
Country 2
Employee ID 165

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA. 201
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Output Data Sets

PROC FREQ produces output data sets using two different
methods.

e The TABLES statement with an OUT= option is used to
create a data set with frequencies and percentages.

TABLES variables / OUT=SAS-data-set <options>;

e The OUTPUT statement with an OUT= option is used to
create a data set with specified statistics such as the chi-
square statistic.

OUTPUT OUT=SAS-data-set <options>;

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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/The MEANS Procedure

The MEANS procedure provides data summarization
tools to compute descriptive statistics for variables across
all observations and within groups of observations.

General form of the MEANS procedure:

PROC MEANS DATA=SAS-data-set <statistic(s)> <option(s)>;
VAR analysis-variable(s);
CLASS classification-variable(s);

RUN:;

203
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The MEANS Procedure

By default, the MEANS procedure reports the number  of
nonmissing observations, the mean, the standard deviation,
the minimum value, and the maximum value
of all numeric variables.

proc means data=orion.sales;

run,
The MEANS Procedure
Variable N Mean Std Dev Minimum Maximum
Employee ID 165 120713.90 450.0866939 120102.00 121145.00
Salary 165 31160.12 20082.67 22710.00 243190.00
Birth_Date 165 3622.58 5456.29 -5842.00 10490.00
Hire Date 165 12054.28 4619.94 5114.00 17167.00
p112d05
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The VAR Statement

The VAR statement identifies the
and their order in the results.

proc means data=orion.sales;
var Salary;

analysis variables

run,
The MEANS Procedure
Analysis Variable : Salary
N Mean Std Dev Minimum Maximum
165 31160.12 20082.67 22710.00 243190.00

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.

205



~<§§\\\§§§:\‘*ﬂ//§7//////%//

/
The CLASS Statement

The CLASS statement identifies variables whose values define

subgroups for the analysis.

proc means data=orion.sales;
var Salary;
class Gender Country;

run,
The MEANS Procedure
Analysis Variable : Salary
N
Gender Country Obs N Mean Std Dev Minimum Maximum
F AU 27 27 27702.41 1728.23 25185.00 30890.00
Us 41 41 29460.98 8847.03 25390.00 83505.00
M AU 36 36 32001.39 16592.45 25745.00 108255.00
Us 61 61 33336.15 29592.69 22710.00 243190.00

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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“The CLASS Statement

proc means data=orion.sales;
var Salary;
class Gender Country;

classification run;
variables The MEANS Procedure
_ | analysis
Analysis Variable : Salary - .
variable
N
Gender Country Obs N Mean Std Dev Minimum Maximum

usS 41 41 29460.9¢ — "”w 2 00

statistics for analysis variable

M AU 36 36 32001. 3| 00

us 61 61 33336.15 29592.69 22710.00 243190.00

§

|
F AU 27 2\\ 27702.41 1728.23 25185.00 30890.00 /

The CLASS statement adds the N Obs column, which is the number of
observations for each unique combination of the class variables.

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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PROC MEANS Statistics

The statistics to compute and the order to display them can
be specified in the PROC MEANS statement.

proc means data=orion.sales sum mean range;
var Salary;
class Country;

run;
The MEANS Procedure
Analysis Variable : Salary
N
Country Obs Sum Mean Range
AU 63 1900015.00 30158.97 83070.00
US 102 3241405.00 31778.48 220480.00

208
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"PROC MEANS Statistics

Descriptive Statistic Keywords

CLM CSS CV LCLM MAX

MEAN MIN MODE N NMISS
KURTOSIS RANGE SKEWNESS STDDEV STDERR

SUM SUMWGT UCLM USS VAR

Quantile Statistic Keywords

MEDIAN |
e P1 P5 P10 Q1| P25
Q3| P75 P90 P95 P99 QRANGE

Hypothesis Testing Keywords

PROBT T

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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PROC MEANS Statement Options

Options can also be placed in the PROC MEANS statement.

specifies the number of decimal places to use in printing

MAXDEC= the statistics.
FW= specifies the field width to use in displaying the statistics.
NONOBS suppresses reporting the total number of observations for

each unigue combination of the class variables.

210
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MAXDEC= Option

iproc means data=orion.sales maxdec=0;|
Analysis Variable : Salary
N
Country Obs N Mean Std Dev Minimum Maximum
AU 63 63 30159 12699 25185 108255
US 102 102 31778 23556 22710 243190
|proc means data=orion.sales maxdec=1l;
Analysis Variable : Salary
N
Country Obs N Mean Std Dev Minimum Maximum
AU 63 63 30159.0 12699.1 25185.0 108255.0
Us 102 102 31778.5 23555.8 22710.0 243190.0
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FW= Option

| proc means data=orion.sales;
Analysis Variable : Salary
N
Country Obs N Mean Std Dev Minimum Maximum
AU 63 63 30158.97 12699.14 25185.00 108255.00
US 102 102 31778.48 23555.84 22710.00 243190.00
iproc means data=orion.sales fw=15;
Analysis Variable : Salary
N
Country Obs N Mean Std Dev Minimum Maximum
AU 63 63 30158.96825397 12699.13932690 25185.00000000 108255
Us 102 102 31778.48039216 23555.84171928 22710.00000000 243190
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NONOBS Option

—

|proc means data=orion.sales; |
Analysis Variable : Salary
N
Country Obs N Mean Std Dev Minimum Maximum
AU 63 63 30158.97 12699.14 25185.00 108255.00
US 102 102 31778.48 23555.84 22710.00 243190.00
| =
|proc means data=orion.sales nonobs;
Analysis Variable : Salary
Country N Mean Std Dev Minimum Maximum
AU 63 30158.97 12699.14 25185.00 108255.00
US 102 31778.48 23555.84 22710.00 243190.00

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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"Output Data Sets

PROC MEANS produces output data sets using the
following method:

OUTPUT OUT=SAS-data-set <options>;

The output data set contains the following variables:
e BY variables

e class variables

e the automatic variables  TYPE and FREQ
e the variables requested in the OUTPUT statement

214
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OUTPUT Statement OUT= Option

The statistics In the PROC
statement impact only the
MEANS report, not the data set.

A

[ A
proc means data=orion.sales!sum mean range;!
var Salary;
class Gender Country;
output out=work.meansl;
run;

proc print data=work.meansl;
run;

p112d06
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ﬁPUT Statement OUT= Option

Obs Gender Country _TYPE_ _FREQ_ _STAT_ Salary
1 0 165 N 165.00
2 0 165 MIN 22710.00
3 0 165 MAX 243190.00
4 0 165 MEAN 31160.12
5 0 165 STD 20082.67
6 AU 1 63 N 63.00
7 . MIN 25185.00
8 default statistics MAX 108255. 00
9 AU T MEAN 30158.97

10 AU 1 63 STD 12699.14
11 US 1 102 N 102.00
12 US 1 102 MIN 22710.00
13 us 1 102 MAX 243190.00
14 us 1 102 MEAN 31778.48
15 us 1 102 STD 23555.84
16 F 2 68 N 68.00
17 F 2 68 MIN 25185.00
18 F 2 68 MAX 83505.00
19 F 2 68 MEAN 28762.72
20 F 2 68 STD 6974.15
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" OUTPUT Statement OUT= Option

The OUTPUT statement can also do the following:
e specify the statistics for the output data set
e select and name variables

proc means data=orion.sales noprint;
var Salary;
class Gender Country;
output out=work.means2
min=minSalary max=maxSalary

sum=sumSalary mean=aveSalary;
run;

proc print data=work.means2;
run;

The NOPRINT option suppresses the display of all output.
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OUTPUT Statement OUT= Option

PROC PRINT Output
min max sum ave
Obs Gender Country _TYPE_ _FREQ_ Salary Salary Salary Salary
1 0 165 22710 243190 5141420 31160.12
2 AU 1 63 25185 108255 1900015 30158.97
3 US 1 102 22710 243190 3241405 31778.48
4 F 2 68 25185 83505 1955865 28762.72
5 M 2 97 22710 243190 3185555 32840.77
6 F AU 3 27 25185 30890 747965 27702.41
7 F US 3 41 25390 83505 1207900 29460.98
8 M AU 3 36 25745 108255 1152050 32001.39
9 M US 3 61 22710 243190 2033505 33336.15
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OUTPUT Statement OUT= Option

_TYPE is a numeric variable that shows which

combination of class variables produced the summary
statistics in that observation.

min max Sum ave
Obs Gender Country  TYPE_ overall summary
1 0 igE nn74n0 n4241Qn0 E444420 2140 419
2 AU 1 summary by Country only
3 US 1 Vo [y <y BB AV — U V177050
4 F 2
5 M 2 summary by Gender only
6 F AU 3 27 25185 30890 747965  27702.41
7 F us 3
8 M AU 3 summary by Country and Gender
9 M us 3 61 7 ! 505 15

219
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PUT Statement OUT= Option

/

Obs Gender Country  TYPE_ _FREQ_
1 0 165
2 AU 1 63
3 us 1 102
4 F 2 68
5 M 2 97
6 F AU 3 27
7 F us 3 41
8 M AU 3 36
9 M us 3 61

min
Salary

22710
25185
22710
25185
22710
25185
25390
25745
22710

max
Salary

243190
108255
243190
83505
243190
30890
83505
108255
243190

sum
Salary

5141420
1900015
3241405
1955865
3185555

747965
1207900
1152050
2033505

ave
Salary

31160

30158.
31778.
28762.
32840.
27702.
29460.

32001
33336

.12
97
48
72
77
41
98
.39
.15

_TYPE_ Type of Summary _FREQ _

165

0 overall summary

1 summary by Country only
2 summary by Gender only
3 summary by Country

and Gender
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OUTPUT Statement OUT= Option

Options can be added to the PROC MEANS statement to
control the output data set.

specifies that the output data set contain only statistics

NI for the observations with the highest TYPE value.

orders the output data set by descending TYPE _
value.

DESCENDTYPES

specifies that the TYPE variable in the output data

CHARTYPE set is a character representation of the binary value of
TYPE .

221
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OUTPUT Statement OUT= Option

min max sum ave
Obs Gender Country '_TYPE_ ‘_FREQ_ Salary Salary Salary Salary
1 0 165 22710 243190 5141420 31160.12
2 AU 1 63 25185 108255 1900015 30158.97
3 us 1 102 22710 243190 3241405 31778.48
4 F 2 68 25185 83505 1955865 28762.72
5 M 2 97 22710 243190 3185555 32840.77
6 F AU 3 27 25185 30890 747965 27702.41
7 F us 3 41 25390 83505 1207900 29460.98
8 M AU 3 36 25745 108255 1152050 32001.39
9 M us . 3 ) 61 22710 243190 2033505 33336.15
Obs Gender Country ( TYPE_ ) FREQ_ Salary Salary Salary Salary
1 F AU 3 27 25185 30890 747965 27702.41
2 F us 3 41 25390 83505 1207900 29460.98
3 M AU 3 36 25745 108255 1152050 32001.39
4 M Us . 3 ) 61 22710 243190 2033505 33336.15

p112d06
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OUTPUT Statement OUT= Option

Obs Gender Country ( _TYPE_
1 F AU 3
2 F US 3
3 M AU 3
4 M US 3
5 F 2
6 M 2
7 AU 1
8 US 1
9 . O /

_FREQ_

27
41
36
61
68
97
63
102
165

min
Salary

25185
25390
25745
22710
25185
22710
25185
22710
22710

max
Salary

30890
83505
108255
243190
83505
243190
108255
243190
243190

sum
Salary

747965
1207900
1152050
2033505
1955865
3185555
1900015
3241405
5141420

ave
Salary

27702

29460.

32001

33336.
28762.
32840.
30158.
31778.

31160

.41
98
.39
15
72
77
97
48
.12
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OUTPUT Statement OUT= Option

Obs Gender Country

AU
us

AU
us
AU
us

©CoONOODOTPA~hWN =

=E=ETmM=ET

(" TYPE_ )

00
01
01
10
10
11
11
11

. 11 /

_FREQ_

165
63
102
68
97
27
41
36
61

min
Salary

22710
25185
22710
25185
22710
25185
25390
25745
22710

max
Salary

243190
108255
243190
83505
243190
30890
83505
108255
243190

sum

Salary

5141420
1900015
3241405
1955865
3185555

747965
1207900
1152050
2033505

ave
Salary

31160

30158.
31778.
28762.
32840.
27702.
29460.

32001
33336

.12
97
48
72
77
41
98
.39
.15
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“The SUMMARY Procedure

The SUMMARY procedure provides data summarization tools
to compute descriptive statistics for variables across all
observations and within groups of observations.

General form of the SUMMARY procedure:

PROC SUMMARY DATA=SAS-data-set <statistic(s)>
<option(s)>;

VAR analysis-variable(s);
CLASS classification-variable(s);
RUN:;:

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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The SUMMARY Procedure

The SUMMARY procedure uses the same syntax
as the MEANS procedure.

The only differences to the two procedures are
the following:

PROC MEANS PROC SUMMARY

The PRINT option is set by default, The NOPRINT option is set by default,
which displays output. which displays no output.

Omitting the VAR statement analyzes Omitting the VAR statement produces a
all the numeric variables. simple count of observations.
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"The TABULATE Procedure

The TABULATE procedure displays descriptive statistics
in tabular format.

General form of the TABULATE procedure:

PROC TABULATE DATA=SAS-data-set <options>;
CLASS classification-variable(s),
VAR analysis-variable(s);
TABLE page-expression,
row-expression,
column-expression </ option(s)>;

RUN;
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Dimensional Tables

The TABULATE procedure produces one-, two-, or three-
dimensional tables.

: . . : column
page dimension | row dimension : ;
dimension

one-dimensional \/

two-dimensional \/ \/

three- v v v

dimensional

228
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The TABLE Statement

The TABLE statement describes the structure of the table.

page row column

table expression ’/ expression '/ expression ’

1

dimension expressions

e Commas separate the dimension expressions.

e Every variable that is part of a dimension expression must
be specified as a classification variable (CLASS statement)
or an analysis variable (VAR statement).

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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The TABLE Statement

b1 page row column
table expression , expression ’ expression ’

*Examples:

|table Country;

|table Gender , Country;

‘table Job Title , Gender , Country;

230
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/The CLASS Statement

The CLASS statement identifies variables to be used
as classification, or grouping, variables.

General form of the CLASS statement:

CLASS classification-variable(s),

e N, the number of nonmissing values, is the default statistic
for classification variables.

e Examples of classification variables:
Job Title, Gender, and Country

231

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.



- —

The VAR Statement

The VAR statement identifies the numeric variables
for which statistics are calculated.

General form of the VAR statement:

VAR analysis-variable(s);

e SUM is the default statistic for analysis variables.
e Examples of analysis variables:

Salary and Bonus

232
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One-Dimensional Table

proc tabulate data=orion.sales;
class Country;
table Country;

run;

Country

AU UsS

63.00 102.00

233
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Two-Dimensional Table

proc tabulate data=orion.sales;
class Gender Country;
table Gender, Country;

run,
Country

AU us

N N
Gender
F 27.00 41.00
M 36.00 61.00

234
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Three-Dimensional Table

proc tabulate data=orion.sales;
class Job Title Gender Country;
table Job Title, Gender, Country;
run;
Job Title Sales Rep. I
Country
AU UsS
Job_Title Sales Rep. II
Gender Country
F AU us
M N N
Gender
p112d08
F 10.00 14.00
M 8.00 14.00
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Dimension Expression

Elements that can be used in a dimension expression:
e classification variables
e analysis variables
e the universal class variable ALL
e keywords for statistics

Operators that can be used in a dimension expression:

e blank, which concatenates table information
e asterisk *, which crosses table information

e parentheses (), which group elements

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Dimension Expression

proc tabulate data=orion.sales;
class Gender Country;
var Salary;
table Gender all, Country*Salary;

run,
Country
AU us
Salary Salary

Sum Sum
Gender
F 747965.00 1207900.00
M 1152050.00( 2033505.00
All 1900015.00 3241405.00

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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"PROC TABULATE Statistics

Descriptive Statistic Keywords

CSS CV LCLM MAX
MEAN MIN MODE N NMISS
KURTOSIS RANGE SKEWNESS STDDEV STDERR
SUM SUMWGT UCLM USS VAR
PCTN REPPCTN PAGEPCTN ROWPCTN COLPCTN
PCTSUM REPPCTSUM PAGEPCTSUM ROWPCTSUM COLPCTSUM

Quantile Statistic Keywords

MEDIAN | P50 P1 P5 P10 Q1| P25
Q3| P75 P90 P95 P99 QRANGE

Hypothesis Testing Keywords

PROBT T
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PROC TABULATE Statistics

proc tabulate data=orion.sales;
class Gender Country;
var Salary;

table Gender all, Country*Salary* (min max) ;

run,
Country
AU UsS
Salary Salary
Min Max Min Max

Gender

F 25185.00 30890.00 25390.00 83505.00
M 25745.00 108255.00 22710.00 243190.00
All 25185.00 108255.00 22710.00 243190.00
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239



\/

Additional SAS Statements

*Additional statements can be added to enhance the report.

proc format;
value $ctryfmt 'AU'='Australia'
'US'='United States';

run;
options nodate pageno=1;

ods html file='pll12d08.html';

proc tabulate data=orion.sales;
class Gender Country;
var Salary;
table Gender all, Country*Salary* (min max) ;
where Job Title contains 'Rep';
label Salary='Annual Salary';
format Country S$ctryfmt.;
title 'Sales Rep Tabular Report';

run;

ods html close;

p112d08
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Additional SAS Statements

HTML Output

Sales Rep Tabular Report

Country
Australia United States

Annual Salary Annual Salary

Min Max Min Max
Gender
F 2518500 3083000 25389000 3298500
M 2074500 32660500 2271000 3599000

All 2518500 36603200 2271000 35990.00
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/Output Data Sets

PROC TABULATE produces output data sets using the
following method:

PROC TABULATE DATA=SAS-data-set
OUT=SAS-data-set <options>;

The output data set contains the following variables:
e BY variables
e class variables

e the automatic variables  TYPE , PAGE ,and
_TABLE

e calculated statistics

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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PROC Statement OUT= Option

proc tabulate data=orion.sales
out=work. tabulate;
where Job Title contains 'Rep';
class Job Title Gender Country;
table Country;
table Gender, Country;
table Job Title, Gender, Country;
run;

proc print data=work. tabulate;
run;

p112d09
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PROC Statement OUT= Option

Partial PROC PRINT Output

Obs

O©CoO~NOOTPA~WN =

Job_Title

Sales
Sales
Sales
Sales
Sales
Sales
Sales
Sales
Sales
Sales
Sales
Sales

Rep.
Rep.
Rep.
Rep.
Rep.
Rep.
Rep.
Rep.
Rep.
Rep.
Rep.
Rep.

[ S

I
II
II
II
II
ITI
ITI
ITI
ITI

Gender Country _TYPE_ _PAGE_ _TABLE_

SE=ESETTEESTTTE=STTE=STT

AU
us
AU
us
AU
us
AU
us
AU
us
AU
us
AU
us
AU
us
AU
us

001
001
011
011
011
011
111
111
111
111
111
111
111
111
111
111
111
111

W WWWMNMDMDMNDMN = = b bk ek

WOWOWWWWWWWWWWMNNMDMNDN ==

N

61
98
27
40
34
58

8
13
13
29
10
14

8
14

7

8
10

9
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PROC Statement OUT= Option

_TYPE isa character variable that shows which
combination of class variables produced the summary

/

statistics in that observation.

Partial PROC PRINT Output

Obs Job _Title

AU
UsS
AU
UsS
AU
UsS

OB, OWOWN =
==TmT

001
001
01

011
011
011

Gender Country TYPE_ _PAGE_ TABLE_ N

1 1 61
1 1 98
1 2 27
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"PROC Statement OUT= Option

__PAGE __is a numeric variable that shows the logical page
number that contains that observation.

Partial PROC PRINT Output

7 Sales
8 Sales
9 Sales
10 Sales
11 Sales
12 Sales
13 Sales
14 Sales
15 Sales
16 Sales
17 Sales
18 Sales

Obs Job Title

Rep.
Rep.
Rep.
Rep.
Rep.
Rep.
Rep.
Rep.
Rep.
Rep.
Rep.
Rep.

-

I
II
II
II
II
ITI
ITI
ITI
ITI

S=ESTTT=E=STTT===TmT

AU
us
AU
us
AU
us
AU
us
AU
us
AU
us

111
111
111
111
111
111
111
111
111
111
111
111

Gender Country TYPE_ PAGE_ TABLE_ N

e —

Page 1 for
Sales Rep. I

) 29

o) ‘I'\

Page 2 for
Sales Rep. 11

—

) T
4

Page 3 for

S

WDOWWWWMNMNNMDNNMNDNN ==

J

Sales Rep. III
J
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PROC Statement OUT= Option

_TABLE isanumeric variable that shows the number
of the TABLE statement that contains that observation.

Partial PROC PRINT OutPut

Obs Job_Title Gender Country _TYPE_ _PAGE_ _TABLE_ N
1 , 1 61
5 | 1 for first TABLE statement f~{_ i o8
3 F AU 011 1 2 27
4 | > f 2 40
5 or second TABLE statement 5 34
6 M us 011 1 2 58
7 Sales Rep. I F AU 111 1 3 8
8 Sales Rep. : 3 13
9 Sales Rep. 3 for third TABLE statement I-{ 3 13

10 Sales Rep. I M us 111 1 3 29
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Vice o PROC TABULATE:

* In the SUGI 28 proceedings:

e “The Simplicity and Power of the TABULATE Procedure’,
by Dan Bruns

http://www2.sas.com/proceedings/sugi28/197-28.pdf
* Online (from the SUGI 27 proceedings):

e “‘Anyone Can Learn PROC TABULATE’,
by Lauren Haworth,
http://www2.sas.com/proceedings/sugi27/po6o-27.pdf
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"The UNIVARIATE Procedure

The UNIVARIATE procedure produces summary reports
that display descriptive statistics.

General form of the UNIVARIATE procedure:

PROC UNIVARIATE DATA=SAS-data-set;
VAR variable(s);
RUN;

The VAR statement specifies the analysis variables and their
order in the results.
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The UNIVARIATE Procedure

The following PROC UNIVARIATE step shows default
descriptive statistics for Salary.

proc univariate data=orion.nonsales;
var Salary;
run;

Without the VAR statement, SAS will analyze all
numeric variables.

250
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The UNIVARIATE Procedure

The UNIVARIATE procedure can produce the following
sections of output:

e Moments

 Basic Statistical Measures
o Tests for Locations

e Quantiles

o Extreme Observations

e Missing Values

251
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Vizualizace — zdroje

Na prvnim misté se obvykle cituji knihy prof. Tufteho, napt. Tufte E.R. (1983) The
Visual Display of Quantitative Information, Graphic Press, Chesire, Conn.

Weby o vizualizaci, napt.
e http://www.math.yorku.ca/SCS/Gallery/noframes.html - galerie s pou¢nym
vykladem a priklady i nezdafenych ¢i 1zivych grafii
e http://www.agocg.ac.uk/ - John Lansdown (1992) Aspects of Design in

Computer Graphics: Some Notes -
http://www.agocg.ac.uk/train/hitch/hitch.htm

Jiné weby, napt. stranky rtiznych vizualiza¢nich programi a organizaci
e http://www.cybergeography.org/atlas/atlas.html nebo
http://miner3d.com/products/gallery.html
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Vizualizace — historie

1 William Playfair, 1786: prvni publikovana prezenta¢ni grafika

g

g 5= ' T

3 . TR $ 18

21
=

1 Dr. John Snow, 1845: epidemie cholery v Londyne

—
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Vizualizace — historie
- Florence Nightingale, 1858: dlivody umrti v priibéhu
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Vizualizace — investigativni analyza

d H http://www.i2inc.com/

Law Enforcement

» Counterterrorism

» Narcotics investigations
» Organized crime

» Intelligence analysis
» Fraud

» Missing persons

» Major investigations
» Counterfeiting

» Immigration control
» Major event security
» Money laundering

» Gang investigations

Government

» Criminal prosecutions

» National security

» Military intelligence

» Embassy security

» Postal inspection and fraud
» Prison investigations

» Park and wildlife services
» Antitrust investigations

» Tax fraud investigations

» Customs investigations

Commercial

» Forensic accounting

» Money laundering

» Insider trading violations

» Corporate security

» Anti-pirating investigations

» Entertainment copyright violations
» Competitive intelligence

» Civil lawsuits

» Fraud:
» Credit card

» Insurance

» Retail

» Health care
» Commercial
» Telephone
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Vizualizace — investigativni analyza

- osobni kontakty, pojistné podvody

Information imported from Access
databases and dragged-and-dropped
from LexisNexis and Dun & Bradstreet
wisualizations
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Vizualizace — investigativni analyza

2 Prani Spinavych penéz, kriminalni gangy
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Vizualizace - dendrogram

Credit ranking (1=default)

Category % n

B Bad

52,01 168]

® Good

47,99 155

Total

(100,00) 323

I """""""""" =

Paid Weekly/Monthly
Adj. P-value=0,0000, Chi-square=179,6665, df=1

/

Weeklry pay

Node 1
Category % n

B Bad 86,67 143)|
8 _Good 133322
Total (51,08) 165

I -

Social Class

Adj. P-value=0,0004, Chi-square=20,3674, df=2

Monthly salary

Node 2

Category % n

B Bad 15,82 25|
O Good 84,18_133
Total (48,92) 158

I -

Age Categorical

Adj. P-value=0,0000, Chi-square=58,7255, df=1

Y oung (< 25)

Middle (25-35);0ld ( > 35)

Management;Professional Clerical;Skilled Manual Unskilled
Node 3 Node 4 Node 5
Category % n Category % n Category % n
B Ead 7111 32] B Bad 97,56__ 80| B Bad 81,58 31|
O Good 28,89 13 O Good 244 2 O Good 18,42 7
Total (13,93) 45 Total (25,39) 82 Total (11,76) 38

Node 6 Node 7
Category % n Category % n
B Bad 48,98 24| @ Bad 0,921
O Good 51,02 25 B Good 99,08 108
Total (15,17) 49 Total (33,75) 109
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Vizualizace — ekonomie

S&P Composite Index: Regression to Trend B
Real (inflation-adjusted) Price since 1871 with Regression

10000 -

This log-scale chart illustrates regression to the trend across 13% years of
market history. The peak in 2000 was an unprecedented 162% above trend
— double the peak in 1929. The index had been above trend for 17 years.

The latest daily close was 34% abowve trend.
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Meteo-vizualizace

Current Surface
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Kartogram

) Obce s poctem 500 a vice obyvatel s vysokorychlostnlm pripojenim k
internetu, podle okresti (%), k 31.12.2006

Koncentrace v pg/m?

Nejsou data [J> 40 - 50

10 >50- 75
> 10 20 > 75 - 100
>20- 30 >100 - 150
> 30 - 40 >150

Znecisténi ovzdu5| prachem

24hodinovy primér
10.2. 2010

Zdroj: Cosiy hydrometeorciogicky dstav
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Kartodiagram

ZASAHY JEDNOTEK PO PROTI HMYZU
v okresech Ceské republiky v letech 1997-2000
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Meéritko grafu

) Ktera primka roste strmeji?

400

300 e
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100

D | |
100 105 110

115

310
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290
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Meéritko grafu

J Pohled tviirce grafu:
» Zvyraznéni trendu - pozitivni vysledky.
» Potlaceni trendu — negativni vysledky.

J Pohled uzivatele grafu:
» Graty bez uvedeného méritka jsou silné podezrelé.
» Nepodléhat podsouvané informaci o rastu/poklesu.

266



What Is SAS/GRAPH Software?

SAS/GRAPH software is a component of SAS software
that enables you to create the following types of graphs:

e bar, block, and pie charts

e two-dimensional scatter plots and line plots
e three-dimensional scatter and surface plots
e contour plots

* maps

e text slides

e custom graphs

267
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Zakladni typy grafu

*Bar Charts (GCHART Procedure) ¢Pie Charts (GCHART Procedure)

Frequency of Job Title, Broken Down by Gender Frequency Distribution of Job Titles

3-D Pie Chart
FREQUENCY
704

G

a0

Sales Rep. |

40

30 4

Sales Rep. |l

20 46

Sales Rep. IV
16

Sales Rep. Il
34
Sales Rep. | Sales Rep. |l Sales Rep. Il Sales Rep. Iv

Employee Job Title

Employee Gender [ F —
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http://support.sas.com/ctx/samples/index.jsp?sid=1066&tab=code
http://support.sas.com/ctx/samples/index.jsp?sid=1075&tab=code

Zakladni typy grafu

eScatter and Line Plots
(GPLOT Procedure)

Plot of Budget by Month for 2006 and 2007

Budget
$5,000,000

$4,000,000 4

$3,000,000

$2,000,000 -

$1.0000001 T T T T T T T T T T T I —— I T T T T T T T T

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.

*Bar Charts with Line Plot Overlay
(GBARLINE Procedure)

Costs and Personnel for Western Regions

Total Cost
$3,000,000

$2,000,000

$1,000,000

Beaumont

Cheyenne Fortland

REGICN

Rockiord

# of Employees
1,500,000

1,260,000

1,000,000

7€0,000

500,000

260,000
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Three-Dimensional Surface and Scatter
Plots (G3D Procedure)

Lead Dispersion about Pollution Source 483 Lead Dispersion about Pollution Source 483
LEVE!
ooooo
o
<
il
0.007 2 1 N
0.0036 ||
00 00
= 333
ST ]
0000010 | gL sy 5 =
10.00 = E":’crq@egc’qaqg LAl —3.aa x
333 =i
—_— L
—10.00 —10.00
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Maps (GMAP Procedure)

*Maps (GMAP Procedure)

Distribution of Jobs
An Empty State Indicates No Jobs

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.

*Multiple graphs on a page
(GREPLAY Procedure)

Total Equipment Costs by Region
Lead

For OO and

000 $100,000 500,000

POL_TYPE  mem CO i LEAD

Equipment and Personnel Costs in Canada

Equipment @ Personnel B
i cust eppests o are

Regional Office Locations

Number of Contracts by Pollution Type

FREECT

For Boston and Kaleigh
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Producing Bar and Pie Charts with the
GCHART Procedure

General form of the PROC GCHART statement:
PROC GCHART DATA=SAS-data-set;

Use one of these statements to specify the chart type:

HBAR chart-variable . . . </ options>;
HBARS3D chart-variable . . . </ options>;

VBAR chart-variable . . . </ options>;
VBARS3D chart-variable . . . </ options>;

PIE chart-variable . . . </ options>;
PIE3D chart-variable . . . </ options>;
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Producing Plots with the GPLOT
Procedure

You can use the GPLOT procedure to plot one variable
against another within a set of coordinate axes.

General form of a PROC GPLOT step:

PROC GPLOT DATA=SAS-data-set;

PLOT vertical-variable*horizontal-variable </ options>;
RUN;
QUIT;

273

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.



5. Regrese. Logisticka regrese

Response (Y)

N\
Y-Y
Residual N

sk

Unknown

Relationship — -~

\ AN A
Y=Bo+ B1X

* e

Regression Best
FitLine

Predictor (X)

Probability

1.0

(k]

08

o7

0.6

0.5

0.4

0.3

0z

01

0.0

— T T T T T T T T T T T T T T T T T
12 3 4 5 6 7 & 9 1011 12 13 14 15 16 17 18 19 20 21

X
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Overview

Type of Predictors

Type of Response Categorical Continuous

Continuous Analysis of Linear
Variance Regression

Categorical Logistic Logistic
Regression Regression

or Contingency
Tables

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.

Categorical and
Continuous

Analysis of
Covariance
(Regression with
dummy variables)

Logistic
Regression
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Prehled procedur SASu pro regresi

SAS/STAT: logisticka regrese

CATMOD, GAM, GENMOD,‘ GLIMMIX, GLM,
LIFEREG, LOESS, LOGISTIC, MIXED, NLIN,
NLMIXED, ORTHOREG, PHREG, PLS, PROBIT, REG,
ROBUSTREG, RSREG, SURVEYLOGISTIC,
SURVEYPHREG, SURVEYREG, TRANSREG.

Jklasicka'y
linearni regrese

SAS/ETS:

AUTOREG, COUNTREG, MODEL, PANEL, PDLREG,
SYSLIN.
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Simple Linear Regression Model

Response (Y)

I
Predictor (X)

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA. 277



" Simple Linear Regression Model

S

\/

Response (Y)

/\
Y-Y
Residual

Unknown * s
Relationship — -~
Y =B+ B,X g

\ AN A
Y =B+ B, X

Regression Best
Fit Line

I I

Predictor (X)

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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The REG Procedure

General form of the REG procedure:

PROC REG DATA=SAS-data-set <options>;
MODEL dependent(s)=regressor(s) </ options>;
RUN;

Popis + jednoduchy pftiklad:
http://support.sas.com/documentation/cdl/en/statug/63033/HT
ML/default/viewer.htm#statug_reg_sect003.htm

279
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Linearni regrese — PROC REG

PROC REG <options> ;
<label:>MODEL dependents=<regressors> </ options> ;
BY variables ;
FREQ variable ;
ID variables ;
VAR variables ;
WEIGHT variable ;
ADD variables ;
DELETE variables ;
<label:>MTEST <equation, ...,equation> </ options> ;
OUTPUT <OUT=SAS-data-set>< keyword=names> <...keyword=names> ;
PAINT <condition | ALLOBS> </ options > | < STATUS | UNDO> ;
RESTRICT equation, ...,equation ;
REWEIGHT <condition | ALLOBS> </ options > | < STATUS | UNDO> ;
PLOT <yvariable*xvariable> <=symbol> <...yvariable*xvariable> <=symbol> </ options>;
PRINT <options> <ANOVA> <MODELDATA> ;
REFIT ;
RESTRICT equation, ...,equation ;
REWEIGHT <condition | ALLOBS> </ options > | < STATUS | UNDO> ;
<label:>TEST equation,<,...,equation> </ option> ;

14
VICE na. http://support.sas.com/documentation/cdl/en/statug/63033/HTML/default/viewer.htm#statug_reg_sectoor.htm
280
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Modelovani kategorialni responze

,klasicka” regrese neni vhodna

Nastane default? y m) pouziva se logisticka regrese.
St. X Y
1 2.6 1
2 1.4 0
3 .65 1
4 4.1 1
5 .25 0
6 | 19| o X
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Response
Variable

Two

Categories <

Three
or More
Categories

<

r'

"
r

\/

Types of Logistic Regression

Type of Logistic
Regression

@@ mmm) | Binary l

Nominal
o | (o]

Ordinal

2 mm) | Ordinal l

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Why Not Ordinary Least Squares Regression?

Y =P, +PX;+ g

I 11

e If the response variable is categorical, then how do you code
the response numerically?

e If the response is coded (1=Yes and 0=No) and your regression
equation predicts 0.5 or 1.1 or -0.4, what does that mean
practically?

e If there are only two (or a few) possible response levels, is it
reasonable to assume constant variance and normality?

283
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What About a Linear Probability Model?

p;i = Bo + BX; + &

e Probabilities are bounded, but linear functions can take on
any value. (Once again, how do you interpret a predicted
value of -0.4 or 1.1?)

e Given the bounded nature of probabilities, can you assume a
linear relationship between X and p throughout the possible
range of X?

e Can you assume a random error with constant variance?
 What is the observed probability for an observation?

284
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Meéreni pravdépodobnosti uspéechu

Pravdépodobnost je méfena pomoci Sance uspéchu
(udalosti).

JestliZe P je pravdépodobnost udalosti, pak (1-P) je
pravdépodobnost, Ze nenastane.

Sance udalosti = P / 1-P
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Logisticka regrese

Simultanni efekt nezavislych (explanac¢nich)
promeénnych na Sanci

Odds = P/l—P = e ﬁo + ﬁ1X1 + BzXZ + ...+,B](Xk

Jestlize logaritmujeme obé strany
LOg{P/l-P} — log e PotBXitf2Xo+...+fiXi

Logit P = B_+P X +B,X,+..4+; X,
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Logit Transformation

Logistic regression models transform probabilities called logits™.

logit(p;) = '”[(1—pipi )j

where
i indexes all cases (observations)
D; is the probability the event (a default, for example) occurs in

the ith case
In is the natural log (to the base e).

* The logit is the natural log of the odds.

287
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Logit link function

1.0

Logit
Transform

0.2 5

0.0 -

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.

10
5 4
o
= 0+
(2]
o)
-
-5
-10 +
I I I I I
10 -2 0 S 10

The logit link
function transforms
probabilities
(between o and 1) to
logit scores (between
—oo and +0).
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Logistic Regression Model

logit (p;) =B, + BX, + ...+ B X,
where
logit (p;)= logit of the probability of the event
B,=intercept of the regression equation
B.=parameter estimate of the k" predictor variable

289
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Logistic Regression Curve

1.0 4

0.0 1
0.5 - pl — 1+e—(,80+,81X1+...+,Bka)

Probability

IIIIIIIIIIIIIIIIIIIIII

X
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Logistic Regressions -example

. M A A A
logit( p ) = Wy + Wy X4 + W5 X,

1
1 + e-odit(p)

A
p=

Find parameter estimates by
maximizing

> log(p) + 2 log(1-p)

291
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Kogistic Regressions -example

logit( p ) =-0.81+092x, +1.11x,

1
1 + glogit(p)

A
p=

Using the maximum likelihood
estimates, the prediction
formula assigns a logit score to
each x, and x,.

Dalsi priklad na:
http://support.sas.com/documentation/cdl/en/statug
/63033/HTML/default/viewer.htm#statug_logistic_se

ct002.htm -

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.



Odhad parametru

* Metoda maximalni vérohodnosti vede na soustavu nelinearnich
rovnic.

* Tuto soustavu feSime Netwon-Raphsonovou itera¢ni metodou.

* Vicena: - http://www.stat.cmu.edu/~cshalizi/402/lectures/14-logistic-
regression/lecture-14.pdf

« http://czep.net/stat/mlelr.pdf

« http://www.stat.psu.edu/~jiali/course/stat597e/notes2/logit.pdf
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Maximalné verohodny odhad (MLE)

MLE is a general purpose method for parametric model estimation.
We will make use of it to estimate the logistic regression.

If we have a model with parametric structure 6, we can compute the
likelihood that the model will generate a sequence of n observations

D = (dy, ..., dy).
L(8|D) = P(D|0)

The model which best fits the data is selected as the one which maximizes
this likelihood.

e

0 =arg méf::s{L(EHD)

If we assume independence between the observations, this then gives

m
0 =arg max l_[ P(d;|0)
i=1

Zdroj: http://wwwz.imperial.ac.uk/~abellott/Credit%20Scoring%:202.pdf 294



Maximalné verohodny odhad

This MLE can be expressed more conveniently in terms of log-likelihoods
(since log is monotonic on its argument):

m
0 =arg mélxz log P(d;|0)
i=1

Remember:

e We do not know the true value of the parameter 6, but we want to
estimate it.

 To distinguish the estimate from the true value, in our notation, we put a
“hat” on the estimate: 0.

MLE has several nice asymptotic properties:
o Consistency
o Asymptotic normality
o Efficiency.
295



Maximalné véerohodny odhad

Consider the training data set Di..i, With n observations (borrowers).
Remember

e X; denotes values for predictor variables for observation i.
e y; denotes the outcome for observation i, either O or 1.

Then the likelihood of the outcome for each observation i is given by

P(y; = 0[x;, B) if y;=0,
1-P(y; =0[x;,B) if y;=1

which is
P(y; = O|x4, B)* (1 — P(y; = D|Xi*B))yI

giving log-likelihood for each observation:
(1 —y;) logP(y; = 0[x;, B) + y; log(1 — P(y; = 0|x;, B))
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Maximalné verohodny odhad

Assuming independence between observations, this gives the log-likelihood
function for B:

n
1 1
log L(BIDirain) = ) (1~ 30108 ({5 o=garegen) + 71108 (75 om07wm)

=1

Differentiating by each coefficient in B and setting the derivative equal to
zero to find the maxima gives

- 1
(1 TV (1 14 E-[ﬁﬁﬂ-m))) =0
i=1

L
1 ( ! ) =0
Xij Vi 14+ e—(Bo+Bx) /)|

for each attribute j=1 to m.

and

n
i=1

These are non-linear equations that can be solved by computer intensive

processes such as Newton-Raphson methods.
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Standard errors on the MLE

Since 0 is only an estimate of the best model to explain the data, it is
possible to derive standard errors s on the estimates.

Asymptotic normality for MLE is such that

6;—8
(6, ry J)—}N(Ul}aSnHm
]

where BJ,, g; and s; are the jth components of 0, 0 and s respectively and

N(0,1) is the standard normal distribution.
This property then allows us to generate:-
e Generate a hypothesis tests using the Wald chi-square statistic;

e Generate confidence intervals around the estimate.
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MLE- testovani hypotéz

We test the hypothesis that an estimated coefficient is not zero against the
null hypothesis that it is zero. That is, we testing if a parameter has a
genuine effect in the model.

e Null hypothesis: Hy:8; =0
o Alternative hypothesis: H;:6; # 0

0.
The Wald test says reject H, if% > Zy /o for some significance level «,

where z,/, = ®7'(1 - a/2) and ® is the CDF for the standard normal
distribution.
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MLE — konfidencni intervaly

The asymptotic normality property also allows us to compute confidence
intervals (ClIs):

P(é} — Zafgz% < 9} < é} + Za;fzgj) - 1—a

das n — oo,

This is a range of possible values of the parameter within a given confidence
level 1 — a.

Note: the larger the confidence level, the broader the confidence interval.

300



/
Likelihood Ratio Test

The maximized likelihood gives a measure of how well the model fits the

data (1=perfect fit, 0=no fit). The ratio of likelihoods between two models,
A “"nested” in B, can be used to test whether the fit of A improves on B.

Definitions

Suppose we have two models A and B with the same structure except A has
more parameters than B:

0, = (61, ....04,) @and Bz = (64, ..., 6;,)
Then A is nested in B.

The likelihood ratio statistic is A = 2 log (LEEA%)
B
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Newton-Raphsonova metoda

Zakladni princip metody:

p(x, p) =

L(ﬂ):iyiﬂTXi —log(1+e” ) ﬁnew _ ,BOld _ aZL(IBT) E oL(p)
opop- op

ﬂnew _ (XTWX)—leW(XﬂoId _I_W—l(y_ p))

;
1+e P *

e Maticovy zapis:

Y ... vektor pozorovani vysvétlované proméniy¢

X ... matice planu, typuNx(p+1)

P... vektor pravdépodobnosti P(X;, )

W ..nxn diagonalni matice vah, s diag. prvky p(X;, ,BOId) (L= (%, IBOId))

Jde o numerickou itera¢ni metodu -> je tieba zkontrolovat, zda
byla splnéna podminka konvergence emetoda ,2dokonvergovala“

k optimalnimu fesenti)
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Vyhody logistické regrese

Malo parametri
Snadné pouziti i interpretace
Lze snadno zaclenit i diskrétni prediktory

Funguje dobfe i na datech, ktera se pomérné znacné lisi od
gaussovskych smési
A predevsim vétsSinou dobfe funguje, pokud vénujeme
odpovidajici pozornost priprave dat
e praktickd zkusenost: ve ¢tyfech pripadech z péti je logisticka regrese na
datech, ktera analyzuji, bud’ nejlepsi nebo zhruba stejné dobra jako jiné
metody.
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I/nterpretace, rozdily proti OLS

Regresni koeficienty b: kladné znamenaji, Ze proménnd svym
rstem zvySuje Sanci zafazeni do skupiny kodované cislem 1, a
naopak zaporné indikuji pokles této Sance

Casto se pouziva exp(b;): je to faktor, kterym se ndsobi $ance
p/(1-p) pfi jednotkovém nartistu x; a neménnych ostatnich x,

e Pozor na rlizna méfitka, v nichZ x; mohou byt méfena;

Misto F-testu celkové validity nyni mame chi-kvadratovy test pro
totez

Misto t-testu signifikance proménnych v modelu jsou Waldovy
statistiky; je to v podstaté totéZ a Cteme to stejné

Misto R? jsou jen pseudo-R?
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“Priklad

The following logistic regression output was produced on a data set of

40,000 credit cards.

Likelihood Ratio = 1819 (p-value < 0.001)

Variable Coefficient | Estimate |Standard | Wald |P >
error chi- chi-
square|square
Intercept Bo -0.181 0.084 4.6 0.032
Age b1 +0.0353 | 0.0013 | 757.6 | <0.001
Income (log) £, -0.0164 | 0.0100 | 2.67 0.10
Residential phone [ +0.622 0.030 | 430.8 | <0.001
Home owner * 0
Renter Pa -0.155 0.039 15.6 | <0.001
Lives with parents P +0.256 0.045 32.1 | <0.001
Months in residence B -0.00025 | 0.00011 5.4 0.020
Months in current job L7 +0.00210| 0.00025 | 72.9 | <0.001

* Notice that the Home owner category is set as base residency category
and so has no coefficient estimate. We will discuss this in a later lecture.

Zdroj: http://wwwz.imperial.ac.uk/~abellott/Credit%20Scoring%:202.pdf
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" PFiklag

We have used logistic regression to model the negative outcome (ie y = 0).

e This may seem odd given that the outcome of interest is the positive
one (eg default).

e However, this model ensures the log-odds scores are the right way
round: ie increasing scores imply increasing creditworthiness.

e There is no material difference. If we had modelled y = 1, the signs on

the coefficient estimates would be reversed but everything else would
be the same.

Interpretations:

The estimates (highlighted) form the scorecard.

Estimates greater than 0 indicate relative decrease in risk.

Estimates less than O indicate relative increase in risk.

Small p-values indicate coefficients that are statistically significantly
different to zero (how small?).

Large p-values indicate coefficients that have a good chance of actually
being zero.
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Priklad

Remember in the exercise in Chapter 1 we gave details of six borrowers.

You were asked to select three to accept and three to reject.

Here the scores assigned by the model above are shown. The observations
with the three lowest scores are rejected by the model. The actual outcome
in each case is also shown. How does your performance compare with the

model?
Age | Monthly | Residential | Residence | Months in | Months | Score | Model Actual
Income phone? type? residence |in current accept or | outcome
(£) job reject?

22 1,145 | Yes Home 48 12 1.11 | Reject Good
owner

46 15,500 | Yes Renter 48 192 2.14 | Accept Good

71 900 | Yes Renter 96 12 2.68 | Accept Good

32 5,000 | Yes Renter 438 168 1.61 | Accept Bad

25 1,385 | Yes Renter 12 0 1.05 | Reject Bad

43 3,145 | No Home 96 36 1.25 | Reject Bad
owner
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Priklad
Variable Value Coefficient | Estimate |Value x
Estimate
Intercept n/a Lo -0.181 -0.181
Age 22 B4 +0.0353 +0.777
Income (log) log(1145) [ -0.0164 -0.116
=7.04
Residential phone 1 [ +0.622 +0.622
Home owner * 1 0 0
Renter 0 B -0.155 0
Lives with parents 0 Ls +0.256 0
Months in residence |48 Pe -0.00025 -0.012
Months in current job |12 7 +0.00210 0.025
Score (sum) +1.115

Compute the PD of the borrower.

Score = 1.115

» P(y =1|s) = — = 0.25.

308



/

/V

/ T
Multinomialni logisticka regrese

Taktéz polytomicka regrese

Zavisle proménnd ma M kategorii, vice nez dvé. Napt.:
kterou stranu respondent voli?
Zakladni idea:

e Prohlasit jednu kategorii za referencni

e Spocitat M-1 obycejnych logistickych modelt pro kazdou ze
zbylych kategorii oproti referenc¢ni

e A predikovat tu kategorii, kde vysla nejvétsi pravdépodobnost
pres vSechny modely
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Budovani modelu

] Forward

J Backward

] Stepwise

] Enter

- zacina se s prazdnym modelem
- postupné pridavani proménnych

- zacCina se s plnym modelem (vSechny
proménné)
- postupné odebirani proménnych

- zacina se s prazdnym modelem
- postupneé se piidavaji a odebiraji
promeénne

- je pfedepsan seznam promeénnych v
modelu
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Logistic Regression with Sequential Steps

e Forward regression
» starts with a baseline model (intercept-only)
- searches all variables and finds the strongest one
 keeps adding variables in order of strength until no significant
improvement is achieved in the model.
e Backwards regression
- starts with a full model using all variables

» removes the weakest input variable provided that taking it out
does not cause a significant reduction in the fit of the model

- continues removing the weakest input variables in order unless
there is a significant reduction in the fit of the model; at which
point the algorithm stops.
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Logistic Regression with Sequential Steps

e Stepwise regression

« isa combination of forward and backward regression

 begins the same way as forward

- re-evaluates the statistical significance of all included variables

after each new variable is added.

# If a previously included variable becomes statistically
insignificant when a new variable is added, that variable
is then removed.

# The algorithm stops when no more variables can be

found that add significantly to the fit of the model and

all variables remaining in the model are statistically
. L

im spole¢nosti SAS Institute Inc., Cary, NC, USA. 312



The Logistic Regression Task

Logistic Regression for Local:SASUSER.SALES_INCLE¥EL |
D ata
hodel
Reszponze
Effects Data source:  LocalSAaSUSER.SALES_IMCLEVEL Edit
Selection T azk. filter: Mone | |
Options
Plots
F'_redicticnns “ariables to azsign: T azk roles:
Titles . Mame | dir| Dependent wariable LI - PR S
Properties i i ]
izl IncLevel warable required: e
i@ Purchase i@ Quantitative variables }l e | =
£ Gender 4 Clazsification varables =
@ Incarme 45 Group analysis by
@.-‘-‘«ge i@ Frequency count [Lirnit JE A S|
| i Relative weight [Limit;
I
The zelection pane enables pou to chooze different zetz of options for the task. ;l

=] Preview code Fun | - | Save Cancel Help |

The "Dependent wariable" role must have a variable assigned to ik,

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Which link function, which response

/

Level to Model?

i Logistic Regression for Local:SASUSER.SALES INCLEYEL ﬂ
Data Model > Hesponze
hodel
Rezponze
Effects Response twpe: I Binary ll
Selection
Dptionz Type of model; < & logit
Plots :
Predictions probit
Titles " complementary log-log
Froperties | glogit
>
Rezponze levels for ]
Purchaze: 1
Fit model to level: « ;I
< 4 | |
=]
=] Preview code | Run | - | Save Cancel Help |

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.

Volba linkovaci

funkce.

Specity the level
of the response
variable that you
want to model.

For example, do
you want to model
the probability of
aoorai’?
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LOGISTIC Procedur

General form of the LOGISTIC procedure:

PROC LOGISTIC DATA=SAS-data-set
<options>;
CLASS variables </ options>;
MODEL response=predictors </ options>;
UNITS independentl=list ... </ options>;
ODDSRATIO <‘label’> variable </ options>;
OUTPUT OUT=SAS-data-set
keyword=name </ options>;
RUN;

Vice napf. na: http://www.okstate.edu/sas/v8/sashtml/onldoc.htm
http://www.okstate.edu/sas/v8/saspdf/stat/chap3g.pdf

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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LOGISTIC Procedure - priklad

ods html file=“logistic_vyvoj.html" style=sasweb;

proc logistic data=dm1l.data_vyvoj descending;

model good4=goods_type w phone w a uver w
fam_state_w income_w credit_ w vek w

run:
ods html close:
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LOGISTIC Procedure - priklad

proc logistic data=dml.score_base outest=work.model_def;

CLASS AGE _d EDUCATION_d CAR_AGE _d/ param=glm;
MODEL def bad =AGE_d EDUCATION d CAR_AGE d
total income_d(init_pay by INCOME_d)

/| SELECTION=FORWARD HIERARCHY=MULTIPLECLASS,;
score out=work.tab scored_ def;
run;
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LOGISTIC Procedure - priklad

proc logistic

data=dml.score base outest=work.model def namelen=200;

where client_type="1-Novy";

CLASS sex_k child num_k fam_state k age Kk;

MODEL def bad =AGE_w EDUCATION_ w
AGE_W*EDUCATION_ w
sex_Kk|child_num_k|fam_state klage k@4

/selection=stepwise slentry=0.6 slstay=0.1 details corrb

run,
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LOGISTIC Procedure - priklad

proc logistic

data=dml.score base inest=hc.modelSU namelen=200;

CLASS sex_k child num_k fam_state k age Kk;

MODEL def bad = AGE_w EDUCATION_w
AGE_W*EDUCATION_ w
sex_K|child_num_k|fam_state k|lage k@4

/selection=none maxiter=0;

output out=dm1l.data_all scr (keep=id_credit score def bad
compress=yes)

prob=score;

run;
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What Happens to Classification Variables?

e The Logistic Regression task assumes a linear relationship
between predictors and the logit for the response.

» For categorical variables, that assumption cannot be met.

e Specification as a Classification variable creates “design
variables” representing the information in the categorical
variables.

» The design variables are the ones actually used in model
calculations.

» There are many possible “parameterizations” of the design
variables.
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Effects (Default) Coding: Three Levels

Design Variables

CLASS Value Label 1 2
IncLevel 1 Low Income 1 0
2 Medium Income 0 1
3 High Income -1 -1
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Effects Coding: An Example

Iogit(p) = BO + Bl * DLow Income + BZ* DMedium income

B,=  theaverage value of the logit across all categories

B,=  thedifference between the logit for Low income and the average logit

B,=  thedifference between the logit for Medium income and the average
logit

Analysis of Maximum Likelihood Estimates

Standard [Wald
Parameter DF Estimate |Error Chi-Square |Pr > ChiSq

Intercept -0.5363 0.1015 27.9143 <.0001

.1 -0.2259  0.1481  2.3247 0.1273
AL 02200 01447 23111 0.1285 .

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Reference Cell Coding: Three Levels

Design Variables

CLASS Value Label 1 2
IncLevel 1 Low Income 1 0
2 Medium Income 0 1

3 High Income 0 0
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Reference Cell Coding: An Example

Iogit(p) — BO + Bl * DLow iIncome + BZ* DMedium Income

Bo=  the value of the logit when income is High

B, =  the difference between the logits for Low and
High income

B, =  the difference between the logits for Medium and
High income

Analysis of Maximum Likelihood Estimates

Standard |Wald
Parameter DF Estimate |Error Chi-Square |Pr > ChiSq

Intercept -0.0904 0.1608 0.3159 0.5741

.1 -0.6717  0.2465  7.4242 0.0064
OECEEEAL 06659 02404  7.6722 0.0056

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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s Ratio Calculation from the
Current Logistic Regression Model

Logistic regression model:

logit(p) = log(odds) = £, + £, = (gender)
Odds ratio (females to males):

Oddsﬁamales — eﬂo e

OddSmales — eﬂo

eﬁo +/ eﬂl
eﬂO B

odds ratio =

Reprodukovano se svolenim spolec¢nosti SAS Institute Inc., Cary, NC, USA 325
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Odds Ratios for Categorical Predictors

Odds RHatio Estimates

95% Wald
Effect Point Estimate | Confidence Limits
Gender Female vs Male 1.5449 1.040 2. 3l

Profile Likelihood Confidence Interval for Odds Ratios

Effect

Unit| Estimate| 95% Confidence Limits

Gender Female vs Male | 1.0000 1.049 1.043

2.3

Reprodukovano se s

volenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Odds Ratio Plot

Odds Ratios with 95% Profile-Likelihood
Confidence Limits

Gender Female vs Male } @ |

100 125 150 1.75 2.00 2.25
Odds Ratio

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Odds Ratios for Continuous Predictors

Odds Ratio Estimates

95% Wald
Effect | Point Estimate | Confidence Limits

Age 1.052 1.018 1.050

Profile Likelihood Confidence Interval for
Odds Ratios

Effect Unit| Estimate| 95% Confidence Limits
Age 10, Qoo 1.bkb3 1.17k 2373

328
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Predicted Probability Plots — Continuous

Predicted Probabilities for Purchase=Big Spender
With 95% Confidence Limits
1.00 + s O 0000000 OODO0ODOO0ODOD0OO0O000000 o
0.75
2
= 050
=
2
o
0.25
0.00 4 00 000 OoOOOoOOOOoOODODODOODODOODO0OO00 o o
T T T T T
20 30 40 50 G0
Age
o Ohserved ————— Pradicted

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA. 329



Model Fit versus Complexity

Model fit statistic

Evaluate each

validation sequence step.

training

(W T7] [([WE [N (EENE EEEEE N

1 2 3 4 5 6

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Select Model with Optimal Validation Fit

Model fit statistic

® Choose simplest
optimal model.

@

3
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Model Assessment: Comparing Pairs

e Counting concordant, discordant, and tied pairs is a way to assess
how well the model predicts its own data and therefore how well
the model fits.

e In general, you want a high percentage of concordant pairs and low
percentages of discordant and tied pairs.

e Nasleduje priklad urceni téchto pari na modelu predikujicim zda
dana osoba nakoupi zbozi za vice nez 100s$.

332
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Comparing Pairs

To find concordant, discordant, and tied pairs, compare

everyone who had the outcome of interest against everyone who
did not.

< $100 $100 +

Reprodukovano volenim spole¢nosti SAS Institute Inc., Cary, NC, USA. 333
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Concordant Pair

Compare a woman who bought more than $100 worth
of goods from the catalog and a man who did not.

< $100 $100 +

()

&

P(100+) = .32 P(100+) = .42

The actual sorting agrees with the model.
This is a concordant pair.

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Discordant Pair

Compare a man who bought more than $100 worth of goods from
the catalog and a woman who did not.

< $100 $100 +
0

)

P(100+) = .42 P(100+) = .32

The actual sorting disagrees with the model.

This is a discordant pair.
335
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Tied Pair

Compare two women. One bought more than $100 worth of
goods from the catalog, and the other did not.

< $100 $100 +
0O

/ \

ﬁ

P(100+) = .42 P(100+) = .42

The model cannot distinguish between the two.
This is a tied pair.

Reprodukovano se svolenim spole¢nosti SAS Institute Inc., Cary, NC, USA.
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Model: Concordant, Discordant,
and Tied Pairs

PROC Logistic standardné nabizi cCetnosti (relativni)
jednotlivych typt part a z nich odvozené statistiky kvality
modelu:

Association of Predicted Probabilities and
Observed Responses

Percent Concordant J0.1|Somers' D |0.107
Percent Discordant 19.5(Gamma 0215
Percent Tied 50.4(Tau-a 0. 050
Pairs 13578 0. 553
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6. Credit scoring- historie,
zakladni pojmy

Good customers

Business

Low risk High risk
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Uvod

Credit Scoring je soubor prediktivnich modeld a
jejich zakladnich technik, které slouzi jako
podpora finan¢nim institucim pfi poskytovani
uverd.

Tyto techniky rozhoduji, kdo dostane uvér, jaka
ma byt vySe uvéru a jaké dalSi strategie zvysi
ziskovost dluznik( vci véritelam.

Credit Scoringové techniky kvantifikuji a posuzuji

rizika pri poskytovani uvért konkrétnimu
spotiebiteli.
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Uvod

Nerozeznaji a nestanovuji "dobré” nebo "Spatné”
(oCekava se negativni chovani, tj. napf. default)
zadosti o uvér na individualni bazi, nybrz poskytuji
statistické Sance, nebo pravdépodobnosti, Ze Zadatel
s danym skore se stane "dobrym" nebo "Spatnym’”.

Tyto pravdépodobnosti nebo skore, spolu s dalSimi
obchodnimi tvahami jako jsou predpokladana mira
schvalovani, zisk nebo ztraty, jsou pak pouzity jako
zaklad pro rozhodovani o poskytnuti/neposkytnuti
uvéru.
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Why do we need score?

* “HISTORICAL EVOLUTION”:

PAST EXPERIENCE -> ESTIMATION FOR FUTURE

341



Why score?

I

e Automatization of approval proces
e Cost — effective
e Less fraud possibilities

ISADVANTAGES

e Statistical based, not take in account client like individual
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Uvod

Zatimco historie uvéru saha 4000 let nazpét (prvni
zaznamenand zminka o avéru pochazi ze starovekého
Babylonu - 2000 let pred n.l.), historie credit scoringu
je pouze 50-70 let stara.

Prvni pristup k feSeni problému identifikace skupin v
populaci predstavil ve statistice Fisher (1936). V roce
1941, Durand jako prvni rozpoznal, Ze tyto techniky
mohou byt pouzity k rozliSovani mezi dobrymi a
Spatnymi uvery.
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Uvod

Vyznamnym milnikem
druha svétova valka.

pfi posuzovani uvért byla

Do té doby bylo standarc

lem individudlni posuzovani

zadatele o uveér. Dale bylo standardem, Ze ve financ¢ni
sféfe byli zaméstnani (témér) vyhradné muzi.
Odchod znac¢né casti muzské populace do sluzeb

armady meél za nasledek potfebu predat zkusenosti
dosavadnich posuzovateld zadosti o uvér novym

pracovnik@m.

Diky tomu vznikla jakasi rozhodovaci pravidla a doslo
k ,automatizaci® posuzovani zadosti o uver.
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Uvod

Prichod kreditnich karet ke konci Sedesatych let
minulého stoleti a rtst vypocetniho vykonu zptsobil
obrovsky rozvoj a vyuziti credit scoringovych technik.
Udalost, ktera zajistila plnou akceptaci credit scoringu,
bylo pfijéti zdkonu ,Equal Credit Opportunity Acts”
(o rovné prilezitosti pristupu k uvértm) a jeho
pozdéjSich znéni prijatych v USA v roce 1975 a 1976.
Tyto stanovily za nezdkonné diskriminace v
poskytovani uv€ru, vyjma situace, pokud tato
diskriminace ,byla empiricky odvozend a statisticky
validni”.

345



= S

Uvod

V osmdesatych letech minulého stoleti zacala byt
vyuzivana logisticka regrese, dodnes v mnoha
oblastech povazovana za pramyslovy standard, a
linearni programovani. O néco pozdéji se objevily na
scéné metody umélé inteligence, napt. neuronové sité.
Mezi dalSi pouzivané techniky lze zaradit metody
nejblizsiho souseda, splajny, waveletové vyhlazovani,
jadrové vyhlazovani, Bayesovské metody, regresni a
klasifikac¢ni stromy, su]i)port vector machines, asocia¢ni
pravidla, klastrova analyza a genetické algoritmy.
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Historie -detalil

pawnshop = zastavarna

Date Event

2000 BC First use of credit in Assyria, Babylon, and Egypt.

1100s First pawnshops in Europe established by charitable institutions, and by 1350
they were being run as commercial concerns.

1536 Charging of interest deemed acceptable by the Protestant church.

1730 First advertisement for credit placed by Christopher Thornton of Southwark,
London who offered furniture that could be paid off weekly.

1780s First use of cheques in England.

1803 First consumer reports by Mutual Communications Society in London.

1832 First publication of the American Railroad Journal.

1841 Mercantile Agency is first American credit reporting agency.

1849 Harrod's established as one of the world’s first department stores.

1851 First use of credit ratings for trade creditors by John M. Bradstreet.

1856 Singer Sewing Machines offers consumer credit.

1862 Poor’s Publishing publishes Manual of the Railroads of the United States.

1869 First American consumer bureau is Retailers Commercial Agency (RCA)
in Brooklyn.

1886 Sears established, and launches its catalogue in 1893,

Zdroj: Anderson

deemed acceptable = povazovan za prijatelny
Advertisement for credit = reklama na Gvér
Mercantile agency = obchodni agentura
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Historie -detalil

Date Event
1906 Mational Association of Retail Credit Agencies formed in the USA.
1909 John M. Moody publishes first credit rating grades for publicly traded bonds.
1913 Henry Ford uses production lines to produce affordable automobiles.
1927 Establishment of Schufa Holdings AG, first credic bureau in Germany.
1934 First public credit registry (PCR) established in Germany.
1936 R.A. Fisher's use of statistical techniques to discriminate between iris species.
1941 Dravid Durand writes report, suggesting statistics can assist credit decisions.
194 Henry Wells uses credit scoring at Spiegel Inc.
1950 Diners Club and American Express launch first charge cards.
1950s Sears uses propensity scorecards for catalogue mailings.
1956 FI consultancy established in California, USA.
1958 First use of application scoring by American Investments.
1960s Widespread adoption of credit scoring by credit card companies.
1966 Credit Data Corp. becomes first automated credit bureau.
1970 Fair Credit Reporting Act governs credit bureau.
1974 Equal Credit Opportunity Act causes widespread adoption of credit scoring.
1975 FI implements first behavioural scoring system for Wells Fargo.
1978 Stannic implements first vehicle finance scorecards in South Africa.
1982 CCN offers Credit Account Information Sharing (CAIS), its consumer credit affordable = dostupny
bureau service. iris species = druhy kosatc(l
1984 FI develops first bureau scores used for pre-screening. Charge (_:ard = kreditni karta_ ]
1987 MDS develops first bureau scores used for bankruprey prediction. :gdpslrg)i/lxlsﬁgzeh(ﬁ;gs; ?EOI:EI?UOJS) karta pro
1995 Mortgage secun.tlsc—rs Freddj.r. Mlac and Fannie .Maﬂ z.u:lupt l:.re-:ll.t scoring, FI = sploletnost Fair, Isaac...dnes FICO
2000 Moody's KMV introduces RiskCale for financial ratio scoring (FRS). Mortgage = hypotéka
2000s Basel Il implemented by many banks.
Zdroj: Anderson
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Historie -detalil

Table 2.4. Genealogies and milestones—credit cards

Date Event
1914 Western Union introduces embossed metal plate first charge card in
the United States.
1920s Introduction of ‘shopper’s plates’, early version of modern store cards.
1950 Diners Club and American Express launch first charge cards.
1951 Diners Club launches first credit card in New York city.
1960 Bank Americard established, later to become Visa.
1966 Master Charge established, later to become MasterCard.
1966 Barclaycard established in the United Kingdom.
Table 2.5. Genealogies and milestones—credit scoring consultancies
MName Year Motes
Fair Isaac (FI
FI 1956 Founded San Francisco CA, by Bill Fair and Earl Isaac
1958 First scorecard development, for American Investments
1984 Dievelops first bureau score for pre-screening
1995 First use of scoring by mortgage securitisers
Experian-Scorex
Management Decision 1974 Founded by John Coffman and Garv Chandler
Systems (MDS5)
1982 MDS purchased by CCN
Scorex 1954 Founded in Monaco by Jean-Michel Trousse
MDS 1987 MDS develops first monthly bureau score, for bankruptcy
Experian-Scorex 2003 Created as subsidiary of Experian, after purchase of Scorex
Zdroj: Anderson
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Table 2.7. Genealogies and milestones—credit bureaux

MName Year Notes
Dun ¢ Bradstreet
Mercantile Agency 1841 Founded, New York NY, by Lewis Tappan.
1849 Benjamin Douglass takes over, and expands.
John M. Bradstreet Co. 1849 Founded, Cincinnati OH.
1851 First use of credit rating grades.
R.G. Dun & Co. 1859 Robert G. Dun incorporates Mercantile Agency.
Dun & Bradstreet 1933 Merger orchestrated by Arthur Whiteside.
Experian
Manchester Guardian 1827 Founded, Manchester, UK.
Society
Chilton Corp. 1897 Founded, Dallas TX. Publishes ‘Red Book’.
Michigan Merchants 1932 Founded, later to become Credit Data Corp.
TRW 1968 Purchases Credit Data Corp., and changes name to
TRW-Credit Data.
TRW 1976 Information Systems and Services (IS&S) division
produces first business credit report.
CCH 1980 Founded, when Great Universal Stores (GUS) spins off
information services division
1884 Purchases Manchester Guardian Society
TRW 1989 Purchases Chilton Corp.
Experian 1996 Founded, through TRW divestiture of TRW-CD & IS&S.
Purchased by GUS, who merges it with CCN.
Equifax
London Assn. for the 1842 Founded, London, UK
Protection of Trade
RCA 1869 Founded, Brooklyn, NY
RCC 1899 Founded, Atlanta, GA
1934 Purchases RCA
United Assn. for the 1965 LAPT renamed
Protection of Trade
Equifax 1975 RCC renamed to Equifax
1994 Purchases UAPT-Infolink and Canadian Bonded Credits
TransUnion
TransUnion 1968 Founded, as holding company for Union Tank Car
Company (UTCC)
1969 Purchases the Credit Bureau of Cook County
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Zdroj: Anderson

Table 2.8. Genealogies and milestones—credit rating agencies

Name Year INotes
Standard & Poor’s (S¢#P)
Poor’s Publishing Co. 1862  Founded, by Henry Varnum Poor
S&P 1941  Poor’s Publishing and Standard Statistics merge
Moody’s Investor Services (MIS)
John Moody & Co. 1900  Founded, by John Moody, but fails in 1207
John Moody 1909  First use of rating prades for bonds
Moody's Investor Services 1914  Incorporation of MIS
1962  MIS purchased by D&B
Moody's KMV 2002 Created as MIS subsidiary after merger of Risk
Management Services and KMV
Fitch IBCA
Fitch Publishing Co. 1913 Founded, by John Knowles Fitch
IBCA 1978 Founded
Fitch IBCA 1997  Merger of Fitch Publishing and IBCA
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Historie —dalsi zajimavé cteni

http://www.fundinguniverse.com/company-histories/Fair-Isaac-and-
Company-Company-History.html

http://www.fico.com/en/Company/News/Pages/03-10-2009.aspx
http://www.directlendingsolutions.com/history_credit_scoring.htm
http://www.pbs.org/wgbh/pages/frontline/shows/credit/more/scores.html

http://en.wikipedia.org/wiki/Credit_score
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Risk Management — Acquisition

_ Fail
A\ 4 \ 4 :/
\

Pass

Data Acquisition
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Risk Management — Customer
Credit Line Management ~N
Usage Monitoring
Transaction Fraud V' Scorecards
Transaction Approval > V' Policy Rules
Renewal/Reissue V' Strategies
Collections ~ .. Lots of analysis

Claims

354



/ T
Risk Management

Risk Management

Financial

Operational

Commercial/Consumer

Enterprise

Delinquency, Fraud,
Claim, Collections

Market, Interest, VaR
(Risk Dimensions)
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Risk Management a druhy rizik

Selhani procestl a systém(,
podvody, prepadeni,
zivelné pohrom

Operacni Riziko

Kreditni Riziko

Klienti nesplaci

poskytnuté pdjcky

Trzni Riziko

sazeb, cen akcii,

Spatna strategie,
povést spoleCnosti

Zmény Urokovych
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Risk Management

Commercial/Consumer

Delinquency, Fraud,
Claim, Collections

Delinquency Fraud Claim Collections
— Late payments —Applicant —P&C, Life, — Payment Projection
— Bankruptcy —Transaction Health (recovery)
_— Write-off _—Claims —Mortgage — Qutsourcing to
__Internet iInsurance agency
(app+trans) __Export financing
Insurance

P&C: Property & Casualty Insurance (majetkové a Urazové pojisténi) 357
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Why Manage Risk? %

£

$

\/
¥ € 3
€

Reduce exposure to high-risk accounts. £

Decrease bad debt and claims payouts.

Ensure better pricing to reflect risk. ¥
Detect fraud early-on.

Increase approval rates (the “right kind” - potentially increasing
revenue).

Handle most approvals/declines quickly (customer service).
Analysts/investigators only focus on difficult accounts.

Ensure consistent, equal and objective treatment of each
applicant across the organization.

Offer more efficient marketing initiatives.
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Users of Risk Management

e Banks

« Citibank, Royal Bank, CIBC, BankOne
e Finance Companies

« GE Capital, HFC, GMAC
e Insurance

« Life, Property and Casualty, Health

e Government

 Ministries/Departments of Health (Medicare), Ministries of
Finance (IRS), Workers Compensation.
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Users of Risk Management

e Utilities
« Hydro/Power/Energy, Water

e Communications
« Bell, Sprint, AT&T (land lines and cellular)

e Retail
 JC Penneys, Sears, Hudsons Bay Company, Target

e Manufacturers/Industrials
« Those who give credit to small businesses.
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Risk Management “Toolbox”

e Risk Data Mart/Data Warehouse N

e Risk prediction models (scorecards)
e Reporting ~ JsaS@’
e Analysis tools

~/

e Operational/strategy = implementation  software
(for example, FICO™ Blaze Advisor®, FICO® TRIAD®

Customer Manager, Experian Probe SM, Experian
NBSM, Cardpac, VisionPlus, Pro-Logic Ovation).
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FICO™ Blaze Advisor®

Bi@X

Ruleflow: | Lending Decision Flow
Ruefiow Contert | Ruietiow Atrisutes |

T |2 =0 0| Q sascan[To

[Rulmeocd w2

[ ]
Initial
Quali cation
Get Additicnal Info
¥
Retrieve Score Applicant
Customer Info
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t
v
(]

r
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Scorecards

Predict the probability of a negative event.
e Custom - based on clients own data
e Generic - based on pooled industry or bureau data (Beacon,
Empirica)
e Application - new applicants

e Behavioral - current customers
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Scorecard Types

Risk Combination Mktg/CRM
30/60/90 Delinguency Resp/approve/delq Response
Bankruptcy Response/profit Churn

Write-off =P | Risk/churn/profit <= Revenue

Claim Profit Cross sell
Fraud

Collections
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Scoring in approval process

Client (new)

rejection

Policy declines — low
age, unsufficient
length of employment,
“terorrist” etc.

Scoring on fraud
and default

cutoffs on RAROA

rejection rejection

What is the probability Is the number of

that client will pay? client's phone valid?
Will the contract be Etc.
profitable?
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Fraud Risk

e Fraud risk is one of the fastest growing areas in risk
management.

e Examples include bank/retail card fraud, insurance fraud,
health care fraud, welfare fraud, franchise fraud, internet
fraud, mortgage fraud, investment fraud, tax fraud, merchant

fraud.

e E-commerce presents opportunities.

e The F.B.I. estimates that between 10-15% of loan applications
contain material misrepresentations.
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Reporting and Analysis

e Scorecard and portfolio performance

e Approval rates, applicant profile, loss rates,
high risk segments

e Behavior tracking to develop better strategies

e Capturing fraud, approval/decline, pricing,
credit line management, collections, cross sells qualification,
claims.
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Risk Applications

Retail/banking (consumer and commercial)

e Application and behavior scorecards for all credit products.

e Strategy design for credit limit setting, authorizations and
collections/reissue/suspension.

e Fraud application and transaction detection
e Pricing/down payment

e ATM limits, check holds

e Pre-qualifying direct marketing lists.

Automotive/finance
e Loansand leasing

« Application, behavioral, fraud, collection scorecards
e Pricing/down payment.
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Risk Applications

Government
e Fraud detection (for example, Welfare, health insurance)
e Entitlement/claims assessment (for example, Workers
compensation)
Communications
e Security deposit
 International call access
e Contract/”pay as you go”
e Telephone fraud
e “Shadow limit” setting
e Suspension of service
e Collections.
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Risk Applications

Insurance

e Rate setting

e Fraud detection

e Claims management

o Risk control for CRM initiatives.
Utilities

e Security deposit

o Collections.
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Risk Applications

Manufacturers/pharmaceuticals/industrials
* Assessing credit risk of business clients

e Credit risk assessment of franchisees
(for example, gas stations)

e Payment terms
e Collections
e Merchant fraud.
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Risk Applications

e Optimizing work flow in adjudication departments
e Evaluating/pricing portfolios

e Securitization

 Setting economic/regulatory capital allocation

e Reducing turnaround time (automated scoring)

e Comparing quality of business from different
channels/regions/suppliers.
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Resources

www.ftc.gov/bcp/conline/pubs/credit/scoring.htm
www.creditscoring.com

www.my-credit-score.com

www.fairisaac.com, www.myfico.com
www.experian.com

www.creditinfocenter.com
www.consumersunion.org/finance/scorewc2o0o0.htm
www.phil.frb.org/files/br/brsog7lm.pdf
WWW.Nacm.org

www.rmahgq.org

www.riskmail.org

WWW.0CC.treas.gov
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Resources

e Credit Scoring & Its Applications
by Lyn Thomas, Jonathan Crook, David Edelman

e Credit Risk Modeling: Design and Application
by Elizabeth Mays (Editor)

e Internal Credit Risk Models: Capital Allocation and

Performance Measurement
by Michael K Ong

e Handbook of Credit Scoring
by Elizabeth Mays

e Applications of Performance Scoring to Accounts

Receivables Management in Consumer Credit
by John Y. Coffman

e Introduction to Credit Scoring,
by E.M. Lewis

374



/ \—/
Scorecard Development roles-
objectives

e Understand the critical resources needed to successfully
complete a scorecard development and implementation
project.

e Understand some of the operational considerations that go
into scorecard design.
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Major Roles

e Scorecard Developer

» Data miner, data issues
e Credit Scoring Manager/Risk Manager
- Strategic view, corporate policies, implementation

e Product Manager

 Client base, target market, marketing direction.
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Major Roles

e Operational Managers
» Customer Service, Adjudication, Collections

» Strategy execution, impact on customers

e IT/IS Managers

 external/internal data, implementation platforms.
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Minor Roles

e Project Manager

» Coordination, time lines

e Corporate Risk staff

« Corporate policies, capital allocation

* Legal.
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Why All of These Roles?

e Can I use this variable?

» Legal, technical (derived variables, implementation platform),
future application form design

e Segmentation
» Marketing, application form design, systems

e What is the impact on this segment?

« Operational, marketing, risk manager, corporate risk.
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Introduction to SAS Enterprise Guide

SAS Enterprise Guide provides a point-and-click interface
for managing data and generating reports.

Data

=4 Data
Statistics

Basic

Percentiles Drata source:

Additional Task filter: MNone
Flats
Results
Titles Wariables ta assign:
Properties

M arme
i@ Customer_|D

@ Customer_Country
@ Customer_Gender
@ Customer_MName

@ Customer_FirstName
£ Customer_LastMame
[l Customer_BithDate
@ Customer_sge_Group
@ Custamer_Type

@ Custamer_Group

@ Customer_Age

Summary Statistics for S:Wworkshopicustomers.sas 7 bdat

5:\work shophcustomers. sas7bdat

Task roles:

| Analpsis varables
@ Customer_sge
HEF Classification variables
Ci mer_Tupe
| Frequency count [Limit: 1)
| Relative weight [Limit: 1)
HE Copy variables
HE Group analysis by

The variables that you azzign to this role are character or discrete numeric variables that are used to divide ¢
data into categories or subgroups. The statistics will be caloulated on all selected analysis variables for eac
combination of classification variables.

il Bar Ch

Clazs level Customer_

Sort by:
Unfarmatted walues

Sort order:

Azcending

Mizsing values:

Euclude

[ Zlloves rralti-laboe fion

Runr '] [ Save

Cancel

3 of4

3D chart

Colars

Color bars by:

[ata labels:

Lines and ticks

Usze reference lines

Tick marks

art for 5:\workshopywrion_profit.sas 7 bdat

Specify appearance

Bar categony -

Sum

Sample chart:

Profit

W

Auiz Labels 1

1

e
|_IN

Product_Category
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SAS Enterprise Guide Interface

SAS Enterprise Guide also includes a full programming
interface that can be used to write, edit, and submit

SAS code.

& SAS Enterprise Guide
File Edit Wiew Tasks Program  Tooks Help | S-S @G | 5 o On 0L X | ©H ™~ |BenProcess Flow -

Project Tree > x eplzdil -
= gqg Process Flow &’1 Program %] Log EEE Output D ata [2]
[=-&gd orion_prafit ! 2
kil ! Bar Char Save = = Run - Select Server | Export = Send To - Properties
Eia customers lilhnawe orion "s:'workshop':
=1 Programs
II;E; eplzdi data work.clubmembers work.nonclub:

1
z
3_
3 Set orion.custowers:

5 if Customer Type ID = 3010

& Lhen output work.nonclub;
7 else output work.clubmembers;
=]

rumn;
=]
10=proc print data=work.nonclub nooh=:
11 title "HMNon Club Hembers'™:
12 war Country Gender Customer Name:

13 rum;
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SAS Enterprise Guide Interface: The Project

A project serves as o
a collection of S —

» data sources
e SAS programs

and logs
 tasks and queries ST
e results e

By Query Builder

E‘ Append Table

e informational notes
for documentation.

You can control the contents, sequencing, and
updating of a project. -



SAS Programs

data work.clubmembers work.nonclub;
set orion.customer;
if Customer Type ID = 3010
then output work.nonclub;
else output work.clubmembers;
run;

DATA
Step

proc print data=work.nonclub; PROC
title "Non Club Members"; Step
var Country Gender Customer Name;

run;

ep02d01l.sas 383
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PROC PRINT Output

‘lsas. | Enterprise Guides

The Fower to Know.

Non Club Members

Obs

Country Gender Customer_Name

W N o kW N

DE

us

us

us

a0

us

IT

CA

M

M

Ulrich Heyde
Tulioc Deverceaux
Robyn Elem
Cynthia Mccluney
Candy EKinsey
Phenix Hill
Avinoam Zwelg

Lauren Marx
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mg SAS Programs

The SAS program in the project is a shortcut to the physical

storage location of the .sas file. Select the program icon and

C

t!
t]

hen select File = Save program name to save the program as
he same name, or Save program name As... to choose a

ifferent name or storage location.
€ SAS Enterprise Guide

...................................................... File | Edit Miew  Tasks  Program
S New -
gﬁ |§ Dpen b
# Zlose Projeck
ep02d01 CLUBMEMBE.. @ save ropect S
Save Projeck As, .,
Save ep0zdol Ckrl+5hift+5
Save ep0z2d0l As.,.. %
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Embedding Programs in a Project

A SAS program can
alSO be embedded in £4 Properties for ep02d01
a project so that the o Generol

Prompts

code is stored as part Sumay o

Of the proj ect d epg ;:jjlj\'[lll: LI QR Server:
file. L2

Last Execution Time:

2 seconds

File path:

Right-click on the
CO(.le 1Iconina - | Embed || Savess.
project and select R

°
Propertles E> Embeds the code in the SAS Enterprize Guide project zo that any changes that you

make to the code in SAS Enterprize Guide are not applied to the arginal code file. This
Embed aption iz available anly for existing code files that you have inserted inta ""'qlzv:lrn?;[:l?ﬂ
[ ]

Location: fy Computer

] ] [ Cancel ]
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€& SAS Enterprise Guide

X/

How Do You Include Data in a Project?

Tools

(=] EQE Froceszs Flow

Ef:_rﬂI arder_item

File | Edit Wiew Tasks Program Tools Help | =]~ (e~ ‘%
=l Mew » Process Flow -
[ Open v | @ Project Chrl+0

Zlose Project

€& SAS Enterprise Guide

% Save Project

Save Project As... File  Edit Miew  Tasks  Program
= Project Tree

-

x

Selecting File =
Open = Data
adds a shortcut
to a SAS data
source in the
project.

order_ikem
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{signing a Libref

*You can use the Assign Project Library task to define a
SAS library for an individual project.

£ SAS Enterprise Guide
File  Edit  Wiew  Tasks  Program | Tools | Help |~ 3~ @G | B o0 On L X | 9 W [T~ |BegProcess Flow -

Project Tree Add-In *

Creakte HTML Docurnent, .. .
= feg Process Flow 4 = | Zoom = |53 Project Log Properties =
=[] Programs Tl Style Manager

epd2dOn
epd2d0z2

< E Assign Project Library. ..
_\

Project Maintenance...

Options

e

HTHL -
ep0z2dll
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rowsing a SAS Library
During an interactive SAS Enterprise Guide session, the Server List
window enables you to manage your files in the windowing environment.

In the Server List window,
you can do the following:

view a list of all the servers
and libraries available during
your current SAS Enterprise
Guide session

drill down to see all tables
in a specific library

display the properties of a table
delete tables
move tables between libraries

Server List A Ed

#-F LLE Irwentory
=¥ Local
= Libraries

+ GISMAPS

+ MaPS

+ MYDAT A

= ORIOM
F] ALL_SUPPLIERS
F] AUSTRALIA_SUPFLIERS
£ COMBINED_PRODUCT
£ CUSTOMER
£ CUSTOMER_PROFIT
F7 CUSTOMER_TYPE
£ EMPLOYEE_CELL
£ EMPLOYEE_HOME
£ MNTH?_2007
£ MNTHE_2007
£ MNTHS_2007
F7] MOMSALES
E; MORTH_AMERICAM_SUPPLIERS
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\/

rmats

Display formats can be applied in a SAS Enterprise Guide
task or query by modifying the properties of a variable.

)
)

T azk roles:
G List variables

@ Employes_|D
A First_Mame
@ Lazt_Mame

&% Hire_Datog
{izh Bonus

@ Compens

{izh Bonusta

4 Group analysi |+

4 Page by [Lim
| Tatal of

Rermaove From Rale

Sort Columnis

Showe Marmes

Showy Labels

4 Subtotal of (L

Properties "

4 |dentifving label

hg

Formats

Categories: Formats:

Hone kMDD S d
Mumeric FD D . d

bRy T d
Time kA Do d

Date/Time bR M. d
Currency bk P, d
Uzer Defined bk S d
Al R b v d

Attributes
Owerall width:

Decimal places:

D ezcription
date values

Example
Walue: 14245 [07.Jan1339)
Output: N EOBEEE

|E‘ 3: Min: 2  Max: 10
||:| El: Min: 0 Max: 7

| ok

] [ Cancel

390



“Query Builder Join

When you use the Query Builder to join tables
in SAS Enterprise Guide, SQL code is generated.

= SQL does not require sorted
data.

= SQL can easily join multiple
tables on different key variables.

s SQL provides straightforward
code
to join tables
based on a non-equal
comparison of common columns
(greater than, less than,
between).

-
i Query Builder for Local:ORION.ORDER_ITEM

Query name:  |.Jain for Product Lisy Output name:

#| Computed Columns | &3) Prompt Manager | 52 Preview | Ei} Tools
o,

4 Add Tables 2% Delete By Join Tables

= £73 11 [ ORDER_ITEM |
iz Order_ID
izl Order_ltern_Mum

Colurnn Marne
{izd) Order_ID [Order ...
@ Order_lterm_Mum...
@ Praduct_ID [Pra...
@ Quantity [Quantit. ..
%% Total_Retail_Pri...
353' CostPrice_Per_..
@ Dizcount [Dizco...
iz Product_ID1 [Pr...
{3} Praoduct_Mame [...
@ Supplier_ID [Sup...
@ Product_Level [...
{i@ Product_Ref_ID .

<

Select Data | Filter Data

[] Select distinct rows o

SASUSER.QUERY_FOR_ORDER_IT

- | [£ options ~

Sort Data

Input

t1.0rder_|D
t1.Order_ltern_Mum
t1 Praduct_ID

1. Quarntity
t1.Total_Retail_Price
t1.CostPrice_Per_..
1. Discount

12 Praduct_ID

t2 Praduct_Marme
12 Supplier_ID

12 Product_Lewvel
12 Product_Ref_ID

iy

Chan

ge...

() (&) ) (¢

[
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Sort Data Task

*The Sort Data task enables you to create a new data set
sorted by one or more variables from the original data.

r

dE Sort Data for Local:ORION.PRODLUCT _LIST

Data
Options
Results

T ask filter: Hone

Caolurins ko aszign:

Properties Data source:  Local:ORION.PRODUCT_LIST

Task roles:

Product_IDr sort arder:

M armne
izl Product_ID
A Product_Mame
@ Supplier_ID
i@ Praduct_Level
{i@ Product_Ref_ID

4E Sort Data for Local;: ORION.PRODUCT _LIST

Data
Optiong
Reszults
Froperties

Results

Location o sawe output data

@ Sart by

@ Praoduct_ID
8 Columns to be dropped [Limit 4

Azcending

Local*wWORK.SORT_PRODUCT
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Business Scenario

Orion Star wants to send information about a specific
promotion to female customers in Germany. The report can be
created by querying the orion.customer data set to

include only the desired customers, and then by producing a

report with the List Data task.
—B——E—&]
CUSTOMER Female F_Germany Lizt Drata HTHL -
Germarn Cu... Lizt Drata

Female Customers in Germany

Country Name
DE Cornelia

DE Elke

DE Ines=s

Customer Customer First CustomerLast Customer Birth

Z7FEB1974

Wallstab 162051974

Del=sser 20JUL19A9
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Business Scenario

The same report can be generated more efficiently by subsetting the
data directly within the List Data task. This requires modification of
the code generated by SAS Enterprise Guide.

- 0-—e)

CUSTOMER Ligt Crata HTHL -
Ligt Drata
27=PROC PRINT DATA=WORK.SORTTempTableSorted
28 HOOES
29 LAEEL
30
31

32( /7% Btart of custom user code. ¥/
33 where Country = 'DE' and Gender = 'F';:

34

35 /* End of custom user code. */F

36 VAR Country Customer FirstMName Customer LastMName Birth Date:

37 RUH:

I S e——_———
39 End of task code.

0@ @ ————-- - =
41 PBUH: QUIT:
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Understanding Generated Task Code

There are many situations where task results created
by SAS Enterprise Guide can be further enhanced or
customized by modifying the code.

However, before you can effectively modify the code, you
must first understand the code that SAS Enterprise Guide
generates.
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/Lﬁ)ata Task |

& List Data for Local: ORION.CUSTOMER

Data

Optionz

Titles

Properties Data source;  Local:ORION.CUSTOMER
T azk filter: MHaone

Data

Y ariables to azzign: T azk roles: Gender zort arder:
M armne 45 List variables fzecending

izl Customer_|D £ Country

@ Cuztamer_FirstM ame

g_‘fj},. Countr - ;

Y {5‘:‘23, Custormer_Lasth ame Sort by wariables
A Gender

[E] Birth_Date
{:‘:‘:} Persanal ID Y Group analysis by

;:fj}. Custorner_Marme =
- .@_«, I_q ender
£ Customer_Firsthl ame

4y Page by [Limit: 1]
;:fj}. Customer_LaztM ame i Tatal of

[ Birth_Date & Subtotal of [Limit 1]

‘{f}} Custormer_Address 4 |dentifying label
iz Street_ID

£ Street_Mumber

@1/l The Preview code button enables
you to view and modify the code
generated by the task.

J |
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List Data Task — Code Preview

Code Preview for Task

| Inzert Code...

45

Code generated by 545 Task

Generated on: Wednesday, Lpril 29, 20029 at 11:12:29 4LM
By task: List Data

Input Dats: ORICOH.CUTITOMER
Derver: Local

-IPROC SORT

DATLA=0RIOHN. CUSTOMER (KEEP=Country Customer FiratName Customer LastlName
OUT=WOoREK.30RTTempTahlelorted
BY Gender:

RUH;

TITLE:

TITLE1l "EReport Listing®:

FOOTNOTE ;

T TRT T T A ==l e ol AT D e frm DA TTITITTIRT A T [l ta=d=Fahuh N —_ R TTITY S

T —
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Using the List Data Task to Generate Code

,///44555}

/

This demonstration illustrates building a List Data

task and examining
by SAS Enterprise Guide.

Customer Listing

Customer Gender=F

the

code generated

Customer Gender=M

Customer CustomerFirst Customer Last Name Customer Birth
Country Name Date

us Sandrina Stephano 0D3JULL1S79
DE Cornelia Erahl 27FERB1974
us Karen Ballinger lgocTlo84d
DE Elke Wallstab 16AUG1974

Customer Customer First Name CustomerlLastMName Customer Birth

Country
Us
us
DE

DE

James Kvarniqg
David Black
Markus Sepke
Ulrich Hevde

Date
27JUN1974
1ZADR1969
21JULl1288

16JAN193Y
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List Data Task — Generated Code

*The initial comment block shows information about the task.

Code generated by 345 Task

renerated on: Wednesdavy, April 22, 2002 at 1:153:33 PHM
EBv task: List Data

Input Data: OQORION.CUSTOMER
SErTEr ! Local
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List Data Task — Generated Code

The first line uses a macro to delete temporary tables or views if they already exist.
If the Group by role is used in the task, the data must be ordered by the grouping

variable. PROC SORT is used by default. Only variables assigned to roles are kept in
the new data set.

> eq conditional dropds (WORE.SORTTempTablesorted)

ﬂ

PROC SORT
DATA=0ORICON. CUSTOMER (KEEP=Country Customer Firstllzune
Customer LastName Birth Date

ender)
QIT=W0ORE ., 20RTTempTalhleZorted
BY Gender:
BRUH ;
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List Data Task — Generated Code

If the Group by role is not used, SQL creates a temporary view of the required
data. Again, only variables assigned to roles in the task are included in the view.
This comment incorrectly states that sorting occurs.

5 eqg conditional dropds (WORE.SORTTempTableSorted) !

PROC S5QL:;
CREATE VIEW WORE.SORTTempTableZorted 43
SELECT T.Countrvy, T.Customer FirstName,
T.Customer LastNaune, T.EBEirth Date
FEROM OQRICHN.CZUITOMEERE a=s T

[ ]
L3

QUIT:
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“List Data Task — Generated Code

The main part of the code includes the titles, footnotes, and procedure code to
generate the report. PROC PRINT is the procedure used with the List Data task.

TITLE:
TITLE]1l "Customer Listing™:
FOoOTHOTE ;

FOOTHNOTELl "Generated by the 343 System (& SALSIERVERNLME,
on $TRIM(%OSYSFUNC (DATE (), MNLDATEZO.))
at $TRIM(%SYSFUNC (TIME (), NLTIMAPZO.])'™:

PROC PRIHT JDATA=TWORE.SORTTempTabhlelorted

EY Gender:
RUH:

VAR Country Customer FirstMsagne Customer LastWName Birth Date!

EAT33CPL)

e
included anywhere in a SAS program.

TITLE and FOOTNOTE are examples of global statements and can be
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List Data Task — Generated Code

At the end, the final lines of code delete any temporary
tables created to build the task, and delete any assigned
titles and footnotes.

RUH: QUIT:
* eq conditional dropds (WORK.SORTTempTabledorted) :
TITLE; FOOTHNOTE:?
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Techniques to Modify Code

Three methods can be used to modify code generated by
SAS Enterprise Guide:

1. Edit the last submitted task code in a separate Code window.

2. Automatically submit custom code before or after every task
and query.

3.Insert custom code in a task.
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Edit Last Submitted Code

After a task runs, the code can be viewed from either the
Project Tree or Process Flow.

& SAS Enterprise Guide
File  Edit  Wew  Tasks Program  Tools  Help |‘§-blv B* -% yi- [Fm [FE -~
Project Tree « 3 Process Flow -
= g?g Pracess Flow = Run - Export + Schedule = | Zoom -
= EEE CUSTOMER
Y === e =

lg CpeEn

2

Open Liskt Data

[= | Run Lisk Data
[+l Modify List Data

£

~al

Open Last Submitted Code N |

Open Log L“E

Process Flow -

B Run =

CUSTOMER

Export = Schedule -

Zoom - E;E-iject Log

Properties -

List Dat HThAl
[ Open » |3 oOpenList Data
8 Run | ﬂ Open Last Submitted Code "
[zl Modify List Data =Jj Openlog g

0 HTML - List Daka

105
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Edit Last Submitted Code

The task code is read-only and cannot be edited directly. To create a
copy of the code from the Last Submitted Code window, select any
key while in the SAS program window. SAS Enterprise Guide offers
to make a copy.

| SAS Enterprise Guide

This code is read-onlky.
Do wou wank ko create a copy of this code that can be modified?

After the code is copied, there is no link between the task and the
new code. Any changes in the task are not reflected in the copied

code, and modifications to the code do not affect the task.
406
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Summary of Editing Last Submitted
Code

Custom code linked to task? NO

Can be used to modify query Yes
code?

SN mleleliiler-1ilelaR-Ue)lo kAN ANything in the program can be
changed.

Custom code included when Yes. You must export the edited
exported? program and select the option in
the Export wizard.
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Automatically Submit Custom Code Before
or After Every Task and Query

There are times when you might need to run a SAS
statement or program before or after any task or query is
executed. The Custom Code option enables you to insert
custom code before or after all tasks and queries.
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/Aﬁnatically Submit Custom Code Before
or After Every Task and Query

Options

General
Project Wiews
Project Recowvern
Results Additional 545 code
FReszultz General
Wigwer Ihzert custorn 545 code befare tazk and query code
585 Fepart
HTML [nzert custom 545 code after tazk and query code
RTF
FDF
Graph
Stored Process

Tazks > Custom Code

Data

Dats Gereral To run code before tasks
Performance and queries, select the

Huerny

OLAP Data first check box and select
Tasks Edit... to type the code.

Tazks General

409



\/

/Aﬁnatically Submit Custom Code
Before or After Every Task and Query

Global statements or complete program steps can be entered.
Example: Set the LOCALE= option to Great Britain.

S% Insert custom code before task code here )/
CPTICMNS LCICELLE=E11_GB.:
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"~ Insert Code Before or After SAS Programs

Similar options exist to automatically submit code before or after

SAS programs written and submitted in Code windows in SAS
Enterprise Guide.

Options

EEf_‘IEfE" _ SAS Programs
Project Wiews

Froject Recoven
Results
Resultz General
Wiewer Autornatically direct results back to 545 Enterprize Guide
Sa5 Repart
HTHML Cloze all open data before running code
RTF
FOF [
Graph
Stored Process
Data Additional 545 code

Data General r . -
Performarce Inzert custom 5AS code before submitted code Edit...

General

Editar Options...

Cluery
OLAP Data Inzert custom SAS code after submitted code Edit...

Tazks=
T azk= General Submit 545 code when server iz connected Edit. .
Custom Code .
Output Librany

S45 Programs

Security % 411
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Summary of Submitting Custom Code
Before or After Every Task and Query

Custom code linked to task? Yes

Can be used to modify query Yes

code?

SN Elelelliler-Tile IR ITo kI Statements can only be submitted
before or after the task code.

Custom code included when Yes, select the option in the Export
exported? wizard.
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Insert Custom Code in a Task

*In most task dialog boxes, you have the ability to insert custom code within the
generated SAS program. This technique has the significant benefit that the task
interface can still be used to modify the report.

Code Preview For Task

Inzert Code... |

2 7=PROC PRINT DATH=HDRK.SDRTTempTahlESd%FEd
28 DEZS="Row nurmber'™

= LAEREL

30 ;

31

32 /% Start of custom user code. /S

33| where country="DLE™;

34 * Encd of custom user code. *

a5 VAE Country Customer FirstMName Customer LastMName Birth Date:;
36

37

38

39
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Insert Custom Code in a Task

*In the Code Preview window, select Insert Code... to add
custom code in predefined locations in the SAS program.

E Code Preview for Task

Code generated by 345 Task

renerated on: Thursday, March 13, 2008 at 10:57:50 PH
Ev task: Li=st Data

Input Dats: ORION.CUTSTOMER
SErwer: Loocal

M -1 & o WM

1o

10

11=PROC SQL;

12 % SASTASK DROPDS|(WORK.Z0RTTempTableSorted) ;
13  QUIT;
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Insert Custom Code in a Taék

rﬁ User Code |:|@@

Pozitiohs where uzer code may be inzerted are indicated by the icong. Double-click on a marked line to add uzer code
or change exizting uzer code.

=
PROC SOL;
CREATE “IEW WORK.SORTTempT ableSorted / In any Of_ these
A5 SELECT Country, Customer_FirstM ane, Custormer_LastM ame, Birth_Date FROM ORIOMN AR E R predefl ned
QuIT:
TITLE; locations, you
TITLET "Report Listing"'; 5
FOOTNATE; can double-click

-
g

FOOTHOTET "Generated by the SAS System [&_SASSERVERMNAME ., L2555 CRYE) o' SFLIMC[DATE(). E

on a line to insert
custom code.

[2%, v double-chick fo irsertf code>

FPROC PRINT DATA=wORK.SORT TempT ableS arted
OBS="How nurmber"
LABEL

=

Z0 < double-chck fo irserf codes

[2%, v double-chick fo irsertf code>
WaR Country Cusgtomer_FirstW ame Customer_Lazth o Birth_D ate
[2%, v double-chick fo irserf code>

£ ¥

Clear A ok || cancel || Hel
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Insert Custom Code in a Task

Some insert points enable custom options to be added to existing statements.

Ei User Code

FPozitionz where uzer code may be inzerted are indicated by the iconz. Double-click on a
marked line to add uzer code or change exizting user code.

PROC PRIMT DATA=WORK.SORTTempT ableS arte Insert options in

OB5="Row number" the PRINT statement.

LABEL
i ¢ double-click fo inserf code>
i ¢ double-click fo inserf code>

WoaR Country Cuztormer_FirstM ame Cugtormer_LaztMame Birth_D ate
=L cdouble-click fo szerf codes e

Insert options In
the VAR statement.

i ¢ double-click fo inserf code> I 6
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Insert Custom Code in a Task

Other insert points enable entire statements to be added
inside a step in the program.

Ei User Code

FPoszitions where user code may be inzerted are indicated by the iconsg. Double-click on a
marked line to add uzer code or change exizting uzer code.

PROC PRIMT DATA=WORK.SORTTempT ableSarted ~
OB5="Row number''
HABEL Statements
FR ¢double-click fo inserf codes inside the
' PRINT step

i ¢ double-clck fo insert code>
WaR Country Custormer_FirstM ame Customer_LastM ame Birth_D
i < double-chick fo inserf code>

i < double-click fo inserf code>
417
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Insert Custom Code in a Task

Additional locations enable global statements or additional steps to be
inserted before or after the main code.

Ei User Code

Foszitions where uzer code may be ingerted are indicated by the iconz. Double-click on a
marked line to add uzer code or change existing uszer code.

i ¢double-click fo inserf code>

OB5="How number"
LABEL

PROC PRINT DATA=ORKE.SORTTempT ableSort »

[} vdouble-click fo inserf code>
RUMN;

2 «double-click fo inserf code>

End of tazk code.

RUN:QUIT:

Locations for
global statements
or additional steps

[ vdouble-click fo insert code>
PROC SOL:
%_SASTASK_DROPDSMWORK.SORTTempT ableSorted);
QUIT;

TITLE: FOOTHOTE;

[ vdouble-click fo inserf code> v
< >

| Clearau ok || carcel || Hep |
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“Default SAS Enterprise Guide Footnote

Options

General

Froject Wiews
Froject Recowvery
Resultz

Feszultz General
Viewer Default title texffar tazk o

585 Repaort

HTRL

RTF

FOF

Graph

Stored Process Generated by the SA5 Spstem [&_SASSERVERMAME, L5YSS5CPL) on ZTRIM[ZQSYSFUMC
Data

Drata General

Ferfarmance | | DisElaE all Henerated 545 code in task autput

Tazks > Tazks Gener

The default footnote includes
macro references to the SAS server
name, operating system, and date
landthnethatthetaskruns.

General

Defaulk footnote text for tazk output;

L Dt Generated by the SAS System wversion
Tasks &SYSVER (& SASSERVERNAME, &SYSSCPL)

T azksz General

Custom Code | (O S TRIM ($QSYSFUNC (DATE () , NLDATE20.))

niau—at $TRIM($SYSFUNC (TIME () , NLTIMAP20.))

419



ﬁand SAS Enterprise Guide

Default result formats can be set under Tools = Options.

Options

General
Project Wiews
Project Becovery

Reszultz > Reszultz General

Frezults Reszult Formats
Rezults General 545 Feport [ JHTML ] POF
Wiewer
545 Report CIRTF [ Text output
HTML Default;
RTF
FOF kanaging Fesultz
Graph
Stared Process Feplace results: Prampt befare replacing L
Data .
Dista General Dizplay SAS log when erors accur
Performance Automatically open data or rezults when generated
Wuery Link handcoded ODS results
OLaF Data _ )
Tasks Change tazk icon when warnings ocour
Tazks General Show generated wrapper code in SAS log

Custom Code

- Frompt before opening rezults larger than:
Cutput Library

545 Programs 3 v | MB
SE':"_"'_t-'" ) M axirmurn pumber of output data sets to add to the project:
A drniriztration

0 %
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£ Options

General
Project Views

Project Recovery

Resultz

Resultz General

Wiswer
545 Report
HTHL

Stored Process

Data

Data General
Performance

[Huery
OLAP Doata
Tasks

Tazks General
Custom Code
Dutput Library

545 Programs
Security
Administration

Reszultz > PDF

AppEarance
Shule:

prinker

Calurnnz:

1

LR

File Header
Apthar:
Femaords:
Subject:

Title:

Advanced

DS and SAS Enterprise Guide

Additional settings can be made for each result format.

Caolor
&dd Bookmarks

Additional optionz for ODS PDF statement:
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ODS and SAS Enterprise Guide

e Task properties can
be used to override
the default for an
individual task.

e Generated output
can be switched
off completely
and handled by

inserting code.

/_ Right-click on
a task icon and

[E Properties for List Data select PropertieS.

General Results

Prompts
Summary ) Use preferences from Tools - O ptions
HTHL - EGDefault

(%) Cuztomize result farmats, styles, and behaviar

[]545 Repaot EGDefauilt et
[#]HTML EGDefault il
CIPDF printer

[IRTF
[ Text

Graph Format: Achives b

Rt

Automatically open data or rezults when generated

Reszet Optionz

The zelection pane enables you to zelect a categary of options to view,

hore [F1]...

(0] ] [ Cancel
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SAS Enterprise Guide Help (Review)

If Help files were installed along with SAS Enterprise Guide,
you can select Help to access the Help facility regarding both
the point-and-click functionality of SAS Enterprise Guide as
well as SAS syntax.

£ SAS Enterprise Guide

File  Edit  Wiew  Tasks  Program Help | |- S5~ &G | & 3= Oy [
Project Tree - SAS Enterprise Guide Help
gﬁg Frocess Flow SAS Syntax Help
izetting Starkted Tutorial

545 on the Web 3

About 545 Enterprise Guide
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Task and Procedure Help

E? SAS Enterprise Guide Help

] e &

Hide Back Print

Contents | Index | Search | Favarites

Twpe in the keyword to find:

[list data

Lizt Report wizard
log entries
collapsing and expanding
log properties
LOGISTIC procedure
Logiztic Regresszion task,

To find information
regarding the syntax
of the code behind
the scenes of a
particular task, type
the name of the task
in the Index tab.

W

List Data
About the List Data task

The List Data task prints the observations in a SAS data
set, using all or some of the variables. You can create a
variety of reports, ranging from a simple listing to a highly
customized report that groups the data and calculates
totals and subtotals for numeric variables.

The task help
indicates the
procedure name
to search in the
SAS syntax
help.

For example, vou can use the Lis
report that sums the expenses 3
sales region, compares these val
expenses and revenues for the
number of observations in each
whole report, and has a customi
name of the region.

P Assigning variables to analysi
P Setting listing options

P Specifying titles and footnot
P Viewing properties

SAS procedures used < PRINT >
Required SAS products =

Recommended additional none
SAS products

Y1 424




rocedure Syntax Help

E? SAS Documentation
File Edit ‘iew Go Help

I OmE o« O @ & I

Hide Locate Back Stop

Contentz | Index || Search | Favorites

Fefresh  Print  Options

Previous Page Next Page

(L3 The PLOT Procedure
(23 The PMENU Pracedure
= =5 The PRIMT Procedure
[£] Overview: PRINT Procedure
a4 PRIMT Pre Lire
=] PROC PRINT Statement
[5] B Statement
[5] 1D statement
[5] PAGEEY Staternent
[5] 5UM Statement
[£] SUMBY Statement
[51 vaR Statement
[£] Results: Print Procedure
|1 Examples: PRINT Procedure
The PRINTTO Procedure
The PROTO Procedure
The PRTDEF Procedure
The PRTE=P Procedurs
The PWEMCODE Procedure
The RaMNE Procedure
The REGISTRY Procedure
The REPORT Procedure
The SCAPROC Procedure
The S0AP Procedurs
The SORT Procedure
The 50L Procedure
The STANDARD Procedure
The SUMMARY Procedure
The TABULATE Procedure
The TEMFLATE Procedurs
The TIMEPLOT Procedurs
The TRANSPOSE Frocedure
The TRAMTAE Procedure
The UNIWARIATE Procedurs

Coppopbopooroproppepe

NEEEEEEEEEEEEEEEEEEEE

Syntax: PRINT Procedure

Tip: Supports the Output Delivery System. See Output Delivery
System: Basic Concepts in SAS Qutput Delivery System:

User's Guide for details.

Tip: You can use the ATTRIB, FORMAT, LABEL, and WHERE
statements. See Statements with the Same Function in

Multiple Procedures for details. You can also use any global

statements. See Global Statements for a list.

Table of Contents: The PRIMNT Procedure

PROC PRINT =aption(s)=;

BY <DESCENDING=> variable-T <.. <DESCENDING:> variable-
n=<MNOTSORTED=;

PAGEBY BY-vanable;
SUMBY BY-variable;

1D varable(s) <opfion=;
SUM variable(s) <option=;
VAR variable(s) <option=;

Task Statement
Print obhsemvations in a data set. PROC PRIMNT

Produce a separate section of the report for BY

425



7. Metodologie vyvoje
scoringovych funkci

7%

0%

Bad Rate Development

Sample

6%
5% -
4% A
3% -
2% o
1% 1

W
wvin

Window

Performance

Mar §

Jan-02

Month Opened

30 days

days
90+ days
T
] 10 2 Ell 40 50 60 70 80 90 100
Current deliquency [ no deliquency [ 30 days 60 days 90+ days
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Objectives

e Understand how scorecards to predict credit risk are
developed.

e Understand the analyses and issues for implementation of
scorecards.

427



s —

Main Stages — Development

Stage 1: Preliminaries and Planning

e Create Business Plan
« Identify organizational objectives

« Internal versus External development,
and scorecard type

e Create Project Plan
o Identify project risks
« Identify project team.
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Main Stages — Development

Stage 2: Data Review and Project Parameters
e Data availability and quality
e Data gathering for definition of project parameters

e Definition of project parameters
 Performance window and sample window

 Performance categories definition (target)
» Exclusions

e Segmentation
e Methodology
e Review of implementation plan.

429



s —

Main Stages — Development

Stage 3: Development Database Creation

e Development sample specification

e Sampling

e Development data collection and construction
e Adjusting for prior probabilities.
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Main Stages — Development

Stage 4: Scorecard Development
e Missing values and outliers
e Initial characteristic analysis
e Preliminary scorecard
e Reject inference

e Final scorecard production
» Scaling
« Points allocation
« Misclassification

e Scorecard strength

e Validation.
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Main Stages — Development

Stage 5: Scorecard Management Reports

e Gains tables and charts
e Characteristic reports.
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Main Stages — Implementation

Stage 1: Pre-Implementation Validation

Stage 2: Strategy Development

e Scoring strategy

e Setting cutoffs
 Strategy considerations
e Policy rules

e Overrides.
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Main Stages — Post Implementation

* Post-Implementation

e Scorecard and Portfolio Monitoring Reports

e Review.
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Development

Stage 1: Preliminaries and Planning

435



/ -
Objectives

e Create a business plan to ensure a viable and smooth project.

“All Models are wrong. Some are useful”
George Box
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Create Business Plan

Identify organizational objectives.
e Reasons for model development

- Profit, revenue, loss, automation, operational efficiency

* Role of scorecards in decision making

» sole arbiter or decision support tool?
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Create Business Plan

Internal/External Development and Scorecard Type

e Capability and resources
« Staff, tools, expertise, data

« Market segment

e Custom, generic, judgmental

» segment, data, time.
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Create Project Plan

e Scope and timelines
e Deliverables (scorecard format and documentation,...)

e Implementation strategy
« Testing, coding
» Strategy development
« FYI list.

Seamless process from planning to development and
implementation.
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Create Project Plan

Identity Project Risks

e Data risks
« Availability, quality, quantity
» Weak data

e Operational risks
 Organizational priority
« Implementation delays
» System interpretation of data.
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Create Project Plan

* Identity Project Team
* Roles clearly defined

- Signoff, executor, advisor, FYI

« Critical path.
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Development

Stage 2: Data Review and Project Parameters
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Objectives

e Identify data requirements.
e Perform pre-modeling analysis.

« Understand the business

« Exclusions

- What isa “bad”? - target definition

» Sample Window/ Performance Window.
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Data Availability and Quality

e Number of “goods”, “bads” and “rejects”

« Initial idea at this stage, estimated from performance reports
* Internal data
» Reliable, accessible

e External data
» Accessible, format
 Retro pull.
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Data Gathering

To determine “bad” definition and exclusions:

e All applications over the last 2-5 years
(or a large sample)

e account/ID number

e Date opened/applied

e Accept/reject indicator

e Arrears/payment history

e Product/channel and other identifiers

e Account status

o Other items to understand the business.

445



/ —_— —
Exclusions

“Include those whom you would score during normal day to
day operations”

e VIP

o Staff

e Fraud

e Pre-approved

e Underage

e Cancelled (sometimes).
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Performance

“Sampls Window”

[ ]
+—>

“Performanq)e Window”

New Account Good/Bad?
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Parameters

¢ Performance Window

« How far back do I go to get my sample?

e Sample Window

» Time frame from which sample will be taken.
e Definition of “bad”
e Bad and approval rates (when oversampling).
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Parameters

e Seasonality
 Plot approval rate/applications across time

« Establish any ‘abnormal’ zones (for example, talk to marketing).

Sample used in development must be from a normal
business period, to get as accurate a picture as possible of
the target population.

449



Parameters — “Bad”

 Plot “bad” rate by “month opened” (cohort)
 For different definitions of bad

» 30/60/90 days past due

» Charge off/write-off

« Bankrupt

« Claim

« Profit based

 Less than x% owed collected
e “Ever” versus “Current” bad

 Ever bad should be used where possible

» Considered “bad” if you reach status
anytime during performance window.
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Cohort Analysis — Example

Bad = 90 days

Open Date 1 Qtr 2 Qtr 3 Qtr 4 Qtr 5 Qtr
Jan-99 0.00% 0.44% 0.87% 1.40% 2.40%
Feb-99 0.00% 0.37% 0.88% 1.70% 2.30%
Mar-99 0.00% 0.42% 0.92% 1.86%  2.80%
Apr-99 0.00% 0.65% 1.20% 1.90%

May-99 0.00% 0.10% 0.80% 1.20%

Jun-99 0.00% 0.14% 0.79% 1.50%

Jul-99 0.00% 0.23% 0.88%

Aug-99 0.00% 0.16% 0.73%

Sep-99 0.00% 0.13% 0.64%

Oct-99 0.20% 0.54%

Nov-99 0.00% 0.46%

Dec-99 0.00% 0.38%

Jan-00 0.30%

Feb-00 0.00%

Mar-00 0.00%
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Current versus Ever — Example

e Current bad definition: No Delinquency
e Ever bad definition: 3 months delinquent.

Month 1 2 3 4 5 6 7 8 9 11| 12
Delq 0 0 1 1 0 0 0 1 2l C 3]) o 0
Month 13] 14| 15| 16| 17| 18] 19] 20| 21 22 23

Delq 0 0 1 2 0 0 0 1 0 1 0 0
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Determining Parameters

Bad Rate Development

7%
6%0
5%
4%
3%
2%
1%
0% -

Nov
Sep

Jul
May
Mar

Mar
Jan-02
Jan-00

Month Opened

- mth opened from earliest to latest, and “bad rate” as of this month. For simplicity, this is straight delinquency .. No profit.

- notice at one point the bad rate levels off - this means everyone who was going to go bad has gone bad I.e. they have been
given enough time. This is telling us that for this bad defn, accts from jan-march are mature enough.

-lesson 1: need sample that is mature enough, so that you wont be defining a “bad” as a good just because you haven’t given
them enough time.

-if you take accts from the middle (enter), some of the accts haven’t matured yet so your bad rate is understated.

-Example: response scoring .. How long do you wait for the responses to come in. the period of measurement is ‘perf window". 453
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Determining Parameters

Bad Rate Development
Sample
7% i
6% ——o— ¢
5% 4 N
4%
a0k Performance
0 .
2% Window
1%
O%_ T T T T T T T
b N => o = > & — => o = > b o
= 2 2 8§ ° 2 = 2 2 &8 ° 2 = g
(15 15 ©
L] L] Lp]
Month Opened

So for each definition of “bad” you'll get a sample window of mature accounts, and a performance window indicating the time taken for the
bad rate to mature. Also the approval rate for this sample window.

Couple of notes on this "maturing” process.

- 30 day definition will mature quicker than 90 day. Cause it takes ppl less time to go 30 day than 90 day. Chargeoff even more.
- for the same bad defn, credit card quicker than mortgage (18-24 mths vs. 3-5 yrs) .

- Why are we doing all this for the different definition?
- because each one will produce different counts and based on reasons on the next slide, we'll determine the best set of parameters. 454



Determining Parameters — Bad

e Organizational objectives/purpose

e Tighter definition — more precise, low counts

e Looser definition - differentiation sub-optimal
 Interpretable and trackable

e Consistency

e Reality - the best definition under the circumstances (lack of
data, history).

Lets look at the considerations.

- objectives: this may seem obvious, but it is not to a lot of ppl. If you're building a scorecard to predict profit, then use profit. Some orgs want a delinquency based defn,
but also include profit. E.qg. if acct is chronically 2 mths late, but still profitable.. You can't set 2 mths as a “bad” - whereas in a pure delq scorecard this may be possible.

- tighter/looser: tighter means 90 day, 120 day, writeoff .. Better differentiation, but low count. Remember 2000 bads.

- looser means more count, but sub-opt diff.

- interpretable e.g. bad is 2 times 60 days, 3 times 30 days or 1 times 90 days. Sounds good, but hell to track and interpret. Keep it simple.

- consistency across other cards, products. Also if accounting writes off acct at 7 mths, then keep it consistent with that.

- typically most delq cards are 90 days.

- Reality: you take what you got. Lack of history allows only a 30 day definition .. Take it. Can't measure real bad rate .. Use proxy. (example LOC like an account) 455
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Sample Definitions — Bad

e Ever 9o days delinquent

e Bankrupt

e Claim over $1000

* 3x 30 days, or 2 x 60 days, or 1 x 9o days
e Negative NPV

e Not profitable

* 50% recovered within 3 months

e Fraud over $500

e Closed within 6 months.
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Confirming “Bad” Definition
e Analytical

« “Roll rate” analysis
 Current versus worst delinquency comparison

« Profitability analysis

e Consensus.
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Roll Rate Analysis

Compare Worst delinquency

 for example, Previous 12 months versus
Next 12 Months

Month 1 2 3 4 5 6 7
Arrears 0] 0] 1 2 0] 0] 0]
Month 13 14 15 16 17 18 19

Arrears 1 2 3 3 3 3

8 9
1 2
20 21
0 0]

22
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Roll Rate Analysis

Roll Rate

|
n 90+
=
=
S 60 day
o
" 30 day
12
o
= Curr/x day

< e < < .

0% 20% 40% 60% 80% 100%

Worst - Next 12 Mths

B Curr/x day @O 30 day 060 day m 90+

You find out which *bad defn’ is truly bad’ - also known as POINT OF NO RETURN.

Lets look at 30 day: out of everyone who had worst 30 day, majority became current, only a few became worse - this is not a good bad defn.
- out of those 60 days, some went over .. Most went back I.e. became better

-but those who were 90 day .. Majority did not become better. This confirms our definition.

-In general .. Once you hit 90 days, you're not coming back. That's a true bad. Rem: this is based on ‘bad’ objective. If other, perhaps there is a
different point in time.. 459
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Roll Rate Analysis

e Look for ‘point of no return.
e Consider objectives.
e Consider sample counts.

e Typically for delinquency, after go days most accounts do not
cure.
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Current versus Worst Comparison

Worst Delinquency

Current 30 days 60 days| 90 days| 120 days writeoff
Current Current 100% 68%)| 5690 34%| , 0 [15% [ 4%
Delinquency|30 days 116% 8% | 18%]| 59
60 days 8% 8%
90 days 32% | 4% -11%
120 days 2% 7204 54%

writeoff [ 2% 18% 100%
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Parameters — Goods/Indeterminates

Good

Never delinquent

Ever x- days delinquent
No claims

Profitable, positive NPV
No fraud

No bankruptcy
Recovery > 75%, $ value

Must be good throughout
performance window

Indeterminate

e Mild delinquency, roll rate not

conclusive either way
Inactive

Offer declined
Voluntary cancellations*
High balance < $50
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‘Default — definice cilové prom. (good/bad)

Obvykle je tato definice zalozena na klientové poctu dnli po
splatnosti (Days Past Due, DPD) a castce po splatnosti. S
castkou po s 1};tnosti je spojena potfeba stanoveni jisté miry
tolerance, tedy stanoveni co je povazovano za vyznamny dluh a
co nikoli. Napi. nemusi davat smysl povazovat za dluh c¢astky
mensi nez 100 Kc.

Dale je tfeba stanovit ¢asovy horizont (performance window),
na kterém jsou dva zminéné parametry sledovany.

Za dobrého klienta lze napft. oznacit klienta, ktery:

e je po splatnosti méné nez 60 dnt(s toleranci 100 K¢) v prvnich 6-ti
meésicich od prvni splatky,

* je po splatnosti méné nez go dnt (s toleranci 30 K¢) v prabéhu celé své
platebni historie (ever).
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Default — definice cilové prom.

J Volba téchto parametrti zavisi do zna¢ne miry na typu
finan¢niho produktu (jisté se bude lisit volba parametrd
Fro spotiebitelské uvéry pro malé ¢dstky se splatnosti
<olem jednoho roku a pro hypotéky, které jsou obvykle
spojeny s velmi vysokou financni ¢astkou a se splatnosti
az nékolik desitek let) a na dalsi vyuziti této definice
(fizeni rizik, marketing, ...).
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‘Default — definice cilové prom.

J Dalsi praktickym problémem definice dobrého klienta
je soubéh nékolika smluv jednoho klienta. Napriklad je

mozné, ze zakaznik je po

lhtité splatnosti na vice

smlouvach, ale s rozdilnymi dny po splatnosti a s
riznymi ¢astkami. V tomto pifipade jsou vétsinou c¢astky

klienta dluzné v jednom kon
seCteny, a ze dni po s
smlouvach je brana maxima

kretnim ¢asovém okamziku
platnosti na jednotlivych

Ini hodnota. Tento pfistup

Ize uplatnit pouze v nékteryc

h pripadech, a to zejména v

situaci, kdy jsou k dispozici kompletni ucetni data.

AVAR J

Situace je podstatné slozit€j

udaj, napr. na mésic¢ni bazi.

\ 4

Si v pripadé agregovanych
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Default — definice cilové prom.

* Obecné uvazujeme nasledujici typy klientd:

dobry (good),

Spatny (bad),

nedefinovany (indeterminate),

s nedostate¢nou uvérovou historii (insufficient),
vyrazeny (excluded),

zamitnuty (rejected).
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Default — definice cilové prom.

Prvni dva typy byly diskutovany. Treti typ, tj. indeterminate, je na
hranici mezi dobrym a Spatnym klientem a pfi jeho pouziti piimo
ovliviiuje detinici dobrych/Spatnych klientd. UvaZzujeme-li pouze
DPD, klienti s vysokymi DPD (napf. 9o +) jsou typicky oznaceni za
Spatné, nedelikventni klienti (]e]lch DPD je rovno nule) jsou oznaceni
za dobré. Za indeterminate jsou pak oznaceni delikventni klienti,
ktefi neptekroc¢i danou hranici DPD.

Ctvrty typ klienti jsou typicky klienti s velmi kratkou platebni
historii, u kterych je nemozna korektni definice cilové proménné.

Vyrazeni klienti jsou klienti, jejichZ data jsou natolik Spatna, Ze by
vedla ke zkresleni modelu(napr fraudy). Dal$i skupinu tvori klienti,
ktefi nejsou standardné hodnoceni danym modelem (VIP klienti)

Posledni typ klientti jsou ti klienti, jejichz zddost o uvér byla
zamitnuta.
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Definice dobrého/sSpatného klienta

Customer
Default ‘
Accepted (60 or 90 DPD) w
] <‘\La1e_¢e£ault-/
Rejected 7 (5+ delayed payment, 60 DPD)

—

_ ‘ ¢ Not default > 1
v
INDETERMINATE

—  Insufficient
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Performance Definitions

e “Goods” and “bads” (and rejects) are used for model
development.

e Indeterminates included for Gains chart and forecasting.
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Segmentation

e Can one scorecard work efficiently for all the different
populations within your portfolio?

e Orwould more than one scorecard be better?

Segmentation maximizes predictiveness for unique
segments within your population.
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Segmentation

e Experience (Heuristic)
» Knowledge/experience, operational/industry based, common sense.

e Statistical
 Let the data speak.

“Distinct applicant/account sub-populations”
“Better predictive power than single model”.
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Experience Based Segmentation

e Product

« Card type, loan type (auto, home, unsecured), lease, used
versus new, brand

e Demographics

« Geographical (reﬁion, urban/rural, state/province, internal
definition, neighborhood), age, time at bureau

e Source of business
« Channel (net, branch, store-front, ‘take one’, brokers)
e Applicant type

» new/existing, first time home buyer, groups (retired,
students, engineers), thin/thick file, clean/dirty file

e Product Owned
 Credit Card for existing mortgage/loan

holders.
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Experience Based Segmentation

e Consider future plans, not just historic operations

How do we detect new segments?

e Marketing/risk analysis:
 Bad rates
» Approval rate
» Profit, and so on.

e Look for significant performance difference.
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Experience Based Segmentation

e Need to confirm experience using analytics.

e Definition of segments
What is a thin file?
What is ‘young’ versus ‘old’?

What is the best demographic split?
What break is best for ‘tenure at bank’?
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Confirming Experience

Rule of thumb:

“When the same information predicts differently across

unique segments”

Bad Rate
Age > 30 |Age < 30|Unseqg

Res Status
Rent 2.1% 4.8%] 2.9%
Own 1.3% 1.8% 1.4%
Parents 3.8% 2.0% 3.2%
Trades

<Jo 5.0% 2.0% 4.0%
1-3 2 0% 3.4% 2.5%
|4+ 1.4% 5.8%| 2.3%
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Confirming Experience

Attributes Bad Rates
Age

Ower 40 yrs 1.80%
30-40 yrs 2.50%
Under 30 6.90%
Source of business

Internet 20%
Branch 3%
Broker 8%
Phone 14%

Applicant Type
First Time buyer
Renewal Mortgage

5%
1%

it 1
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That Is the Easy Way

You can also build full segmented models, and compare
“lift”, sensitivity, and so on, with a base model.

It is best to perform this analysis for both experience and
statistically based segmentation.
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Use different methods to measure improvement

(lift, KS, c-stat, precision, and so on.)
Segment Total c-stat Seg c-stat|Improvement
Age < 30 0.65 0.69 6.15%
Age > 30 0.68 0.71 4.41%
Tenure < 2 0.67 0.72 7.46%
Tenure > 2 0.66 0.75 13.64%
Gold card 0.68 0.69 1.47%
Platinum card 0.67 0.68 1.49%
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Comparing Improvement

Portfolio stats will put improvements into measurable

portfolio terms.

After Segmentation

Before Segmentation

Segment Size Approve Bad| Approve Bad
Total 100% % % % %
Age < 30 65% % % % %
Age > 30 35% % % % %
Tenure < 2 12% % % % %
Tenure > 2 88% % % % %
Gold card 23% % % % %
Platinum card 7% % % % %
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Choosing Segmentation

e Cost of scorecards (internal/external)
e Implementation

e Processing

e Data storage

e Monitoring/strategy development

e Segment size

e Do I have to?

480



Statistically Based Segmentation

* Less preconceived notions
e Clustering
e Decision Trees.

481



Clustering

Clustering

Showing 3 distinct groups and one outlier.

482



_
Clustering

Here is an insurance example of one cluster.
- What do we see here?

- lower than avg age
- more claims

- live in region A only
- likely to be single
and drive a sports car.

- this is obviously a high risk segment.
(confirm this group with claims analysis)

- Similar groups according to characteristics, not performance — so
confirm performance for the clusters and combine those with similar
risk behavior. We're not building a marketing profile, but a RISK

PROFILE.

1.4
1.2

0.8
0.6
0.4
0.2

HlOwerall Mean A Mean for Cluster
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Clustering

Defining characteristics for each group

From previous example,
* Young males region A
* Young females region A, and so on.

Performance analysis to confirm segmentation.
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Decision Trees

[solates segments based on performance (target)

Easily interpretable and differentiates between goods and

bads.

All Good/Bads
Bad rate = 3.8%

Existing Customer
Bad rate = 1.2%

New Applicant
Bad rate = 6.3%

Customer > 2 yrs
Bad rate = 0.3%

Customer < 2 yrs
Bad rate = 2.2%

Age < 30
Bad rate = 11.7%

Age > 30
Bad rate =4.2%
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So Now We Know ...

 the business

e sample and performance windows

e “bad”, “good”, “indeterminate”

 exclusions

e bad rate, approval rate

e number of scorecards needed, and their segments.
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Methodology/Format

e Implementation platform and format

e Interpretability, implementation

e Legal compliance

e Data quality, sample size, target type

e Tracking and diagnosis

e Specify parameters for scorecard (range of scores, “points to

double the odds”).
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Why ‘Scorecard’ Format?

 Easiest to interpret, justify, implement

e Reasons for decline/low scores can be explained to auditors,
Mgmt, regulators, adjudicators

e No black box
e Diagnosis, tracking, monitoring

e Development process fairly simple to understand.
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Review Implementation Plan

e Number of scorecards
e Data requirements

e Manage expectations
e Continuity.

Everyone is aware of what’s going on.
This is a business process, not a mystery novel. You'd be surprised how many
people in companies like to spring surprises on other departments.
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Cviceni

Jsou k dispozici nasledujici data:

Accepts.sas7bdat (64589 radkl)
Rejects.sas7bdat (35411 t.)
Applicants.sas7bdat (100.000 r.)

...24 sloupct

ID of applicant, Date of application/opening,
Accept / Reject, 30-days deliquency, 30-days
deliquency date, 60-days deliquency, 60-days
deliquency date, 90-days deliquency, 90-days
deliquency date, Worst previous deliquency,
Current deliquency, Age, Age groups, Sex,
Existing client?, Phone member?, Region,
Income, Income groups, Debt, Income/Debt
ratio, Income/Debt ratio groups, Probability of
60-days deliquency (old), Score (old).

Zakladni popis dat:

title 'Accepts’;
proc means data=indata.accepts n nmiss min median mean
max;
var age income debt idratio;
run;

title ‘Accepts’;

proc freq data=indata.accepts;

table sex client phone region;

table (sex client phone region)*bad60;
table bad30*(bad60 bad90) bad60*bad90;
run;

title 'All applicants';

goptions ftext="arial’;

proc catalog c=gseg kill;

quit;

proc gchart data=indata.applicants;

vbar age / midpoints=18 to 75 name='_1data_a’;
vbar income / name='_1data b’

vbar debt / name='_1data c’;

vbar idratio / name="_1l1data_d’;

vbar type / name='_1data_e";

vbar scoreold / levels=10 name='_1ldata f';
vbar pbad60old / levels=30 name='_1data_f";
run;

quit;

proc univariate data=indata.applicants normal;
var age income debt idratio;

histogram age income debt idratio;

run;
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Cviceni

Vybrané vystupy uvedeného kodu:

The FREQ Procedure

Sex

Cumulative Cumulative

Sex | Frequency Percent Frequency Percent
M 45138 69.88 45138 69.88
z 19451 30.12 64589 100.00

Existing client?

Cumulative Cumulative

Client | Frequency Percent Frequency Percent
0 50188 93.19 60188 93.19

1 4401 6.81 64589 100.00

Phone member?

Cumulative Cumulative

Phone | Frequency Percent Frequency Percent
0 8081 12.51 8081 1251

1 56508 87.49 64589 100.00

Region

Cumulative Cumulative

Region | Frequency Percent Frequency Percent
1 12537 19.41 12537 19.41

2 16335 2529 28872 4470

3 10679 16.53 39551 6123

4 10797 16.72 50348 77.95

5 7199 11.15 57547 89.10

6 7042 10.90 64589 100.00

Accepts
The MEANS Procedure
Variable Label N N Miss Minimum Median Mean Maximum
Age Age 64589 0 18.0000000 43.0000000 43.3129945 74.0000000
Income Income 64589 0 15000.07 19631.47 19854.56 35790.94
Debt Debt 64589 0 100444.85 560744.83 576945.05 1611457.12
IDRatio Income/Debt ratio | 64589 0 0.0175377 0.0345483 0.0500680 0.2994807
Frequency Table of Phone by Bad60
P t
Row et Bad60(60-days deliquency) ‘The UNIVARIATE Procedure
Col Pet Variable: IDRatio (Income/Debt ratio)
° Phone(Phone member?) 0 1 Total
0 7805 276 8081 Moments
12.08 0.43 12.51
96.58 342 N 100000 Sum We|ghts 100000
12.47 1397
Mean 004766914 Sum Observations 476691379
1 54809 1699 56508
84.86 263 87.49 Std Deviation 0.03680037 Variance 0.00135427
96.99 3.01
87.53 86.03 Skewness 2.10159641 Kurtosis 4.8128053
Total 62614 1975 64589 Uncorrected SS 362.660032 Corrected SS 135.425362
96.94 3.06 100.00
Coeff Variation 77.1995691 Std Error Mean 0.00011637
The UNIVARIATE Procedure

All applicants

125

Percent

Location

Basic Statistical Measures

Variability

Mean
Median
Mode

0.047669 Std Deviation

0.033093 Variance
Range

Interquartile Range

0.03680

0.00135

0.28194

0.03334

0T T T T T T T T T T T T T T T
001E0 0.038) 0.0530 0.0700 00SEO 01180 0.1380 01560 01780 01830 02180 0238 0.268D 0.2780 02980

Incorme/Debl ralio
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Cviceni

/* 2a. Bad rate development, roll rate analysis */ Bad rate development - current deliquency

Bad rate
5_

%let performancewindow="'31dec2002'd>=datappl;
%let deliqg=worstdeliq;

proc freq data=indata.accepts /*noprint*/;

table datappl*&deliq / out=&deliq (keep=datappl &deliq pct_row
where=(&deliq ne '0")) outpct missing;

format datappl yyqs7.; 3
where &performancewindow;
run;

(=]

ods html path="&appl_root" file="2.&delig..html";

goptions reset=all ftext="arial’;

symboll i=j v=dot;

axis1 label=('Bad rate'); 1
proc catalog c=gseg Kkill;

quit;

title 'Bad rate development - current deliquency’; R
glztchgtplr%tvgg;?;)ﬁ{e&:jzlq / name="_2curdel grid hreverse 20024 20033 2002  J00M 00U 0013 2001 0014 000K 20008 20002 2000
vaxis=axisl hminor=0;
run;

quit;

ods html close;

Date of application/opening

Worst previous deliguency @8-83 @885 88805
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/ Cohort analysis for bad30

e V Y 4
qir
Cviceni ——
Date of application/opening
0172000 S0BT™ G.85I% .
/* analyza kohort */ 02/2000 63I7% G.EETH TO55%
032000 5401% G.441% 0404%
%let target=bad30; 04/2000 5458% 6.254% B.387%
%let date=dat30; 0512000 B.600% 78455
0ER2000 5218% 5.724%
data cohorts; 0772000 5437% 6.130% .
set indata.accepts (keep=datappl bad: dat:); 0812000 B321% TA01% 7485%
if &target then qgtr=int(yrdif(datappl,&date,'act/act')*4)+1; 0812000 B TOE
datappl=intnx(‘month’,datappl,0); 102000 BOZEL GTEE
format datappl mmyys7.; 11/2000 5613% 6.104% 6213%
run: 1272000 8.400% 7.385%
4
proc freq data=cohorts noprint; o100t pos T
ozrzoo 5.836% G.800%
table datappl / out=cohortsl (drop=percent varz001 JO,
rename=(count=countt0tal)); 0472001 6;35% TjS'J'O;-'L ?jBZE;-i
% — — .
table datappl*qtr / out=cohorts (drop=percent); 052001 I
run’ 062001 5301% 5.985% 6D051%
data COhorts; 072001 4 B50% 5.7I0%
merge cohorts cohorts1; 082001 sawn 7277
by datappl; 0912001 B.3TE% T.11E%
if first.datappl then cumpct=.; 1012001 BA4E% 7.200%
if gtr ne . then do; 1172001 5056% 5.415% .
cumpct+(count/counttotal); 122001 5521% E.704% ET8I%
output; 01/2002 5668% 6.812% .
end; 022002 5013% 06884% G812%
run; 03/2002 5.024% ©.408%
042002 5776% ©.438%
ods html path="&appl_root" file="2.cohorts.html’; gerzonz B0 B
title "Cohort analysis for &target"; ooz BeTer. 6.8
proc tabulate data=cohorts missing format=percent8.4; E::EEE jn‘; Z:;
class datappl qtr; e
t' 08/2002 5403% 5.880%
var cumpct; " "y " 1072002 4 608%
table datappl,gtr*cumpct="*sum="; 1112002 -

run; -
ods html close; 493



/ —_— —
Cviceni

/* performance window */

_ Bad rate development
%let performancewindow="'31dec2002'd>=datappl;

Bad rate
0.074

proc tabulate data=indata.accepts out=brdev
(drop=_type_ _table_ _page_);

class datappl;

var bad90 bad60 bad30;

table datappl,(bad90 bad60 bad30)*mean*format=percent8.2; e
format datappl yyqs7.;

where &performancewindow;
label datappl='Month opened'’;
run;

0.067

0.044

0.034
ods html path="&appl_root" file="2.perf.html';
goptions reset=all ftext="arial’;
symboll i=j v=dot;
axis1 label=('Bad rate');
proc catalog c=gseg Kkill; 0.01]
quit;
title 'Bad rate development’;
glzzit?aﬂ(;igaattaapzlb/rg:;;e—' zperf, grld overlay Iegend hreverse 0.02[;10'24'4 20(.':2!3 20(.':2!2 200I2.f1 20[.':1!4 20(.':1!3 20(.':1!2 200I1f1 20(.':0!4 20(.':0!3 200‘012 20[.’:0!1
vaxis=axisl hminor=0;
run;
quit;
ods html close;

0.024

Maonth opened

PLOT ®&®B3d390_Mean ®®®Bad50_Mean ®®8Bad3i0_Mean
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/* bad rate development */

%let samplewindow="'30jun2001'd>=datappl>="'01apr2001'd;

%let samplewindow="'31dec2001'd>=datappl; Bad rate development

cum_pct
4

proc freq data=indata.accepts noprint;

table dat60 / out=development missing;

format dat60 mmyys7.;

where &samplewindow;

run; 3
data development;

set development;

if _n_>1 then do;

dat60=intnx('month’,dat60,0); s
cum_pct+percent;
output;

end;

label datappl="Month of opening’;

run; 1

ods html path="&appl_root" file="2.badratedev.html’;
goptions reset=all ftext="arial’;

symb0|1i=']v=d0t; UI""'I""I""I""'I""'I T I R TR T T A T T A A T
axisl label=('Bad rate"); 01/2000 04/2000 07/2000 10/2000 01/2001 042001 07/2001 10/2001 (01/2002 (04/2002 07/2002 10/2002
proc catalog c=gseg kill; 60-days deliguency date

quit;

title 'Bad rate development’;
proc gplot data=development;
plot cum_pct*dat60 / name="'_2brd' grid;
run;
quit;
ods html close;
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/* BRDEV macro */

% macro brdev(data,out,datevar,targetvar,samplewindow);

proc freq data=&data noprint;

table &datevar / out=&out missing;

format &datevar mmyys7.;

where &samplewindow;

run;

data &out (keep=date cum_pct);

set &out;

if _n_>1 then do;
date=intnx('month’,&datevar,0);
cum_pct+percent;
output;

end;

format date mmyys7.;

run;

% mend brdev;

%let samplewindow="'30jun2001'd>=datappl|>="'01apr2001'd;
% brdev(indata.accepts,development,dat60,bad60,&samplewindow)

/* several bad rate development */

%let samplewindow="'30jun2001'd>=datappl|>="'01apr2001'd;

% brdev(indata.accepts,development30,dat30,bad30,&samplewindow)
% brdev(indata.accepts,development60,dat60,bad60,&samplewindow)
% brdev(indata.accepts,development90,dat90,bad90,&samplewindow)

data developmentsev;

set development30 (in=__30) development60 (in=__60) development90;
if __ 30 then type="'30";

else if __60 then type='60";

else type='90";

Run;

— =

data anno;

function="label';x=20;y=2;text="Sample window';output;
size=2;function="move’;x=10;y=2.5;output;
function="'draw';x=30;y=2.5;output;
function="move';x=20;y=3.5;output;
function="'draw';x=140;y=3.5;output;

run;

ods html path="&appl_root" file='2.badratedev_several.html';
goptions reset=all ftext="arial';

symboll i=j v=dot;

axis1 label=('Bad rate');

proc catalog c=gseg kill;

quit;

title 'Several bad rates development’;

proc gplot data=developmentsev annotate=anno;

plot cum_pct*date=type / grid vminor=0 name="_2brds' vaxis=axis1;

format date mmyys?5.;

label date="'Performance window";
run;

quit;

ods html close;

Bad rate
7

Several bad rates development

0

T g T v T g T g T v T g T
05/01 06101 07/01 0801 09101 10/01 1101

12101 01/02 0202 03/02 04102

PEnormance Window.

Sample window
type ®®83) s885) &88g)



Cviceni

/* Roll rate analysis */ Roll rate analysis

ods html path="&appl_root" file='2.roll_rate.html’;
proc format; Warst previous deliquency

value $deliq (notsorted)
'0'=" no deliquency'

|3|=|30 daysl no deliguency
'6'="60 days'
'9'="90+ days';

run; 30 days

proc tabulate data=indata.accepts out=rollrate missing;

class curdeliq worstdeliq; 60 days
tables worstdelig,curdelig*rowpctn;

format curdeliq $delig. worstdeliq $delig.;

title 'Roll rate analysis'; e
run;

proc gchart data=rollrate; S
hbar3d worstdeliq / sumvar=pctn_01 subgroup=curdeliq nostats

clipref autoref raxis=axis1;
axis1 label=none minor=none;
run;

quit;

Current deliqguency [ no deliqguency [0 30 days [ 60 days [ 90+ days

ods html close;
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8. Priprava dat I

Bad rates

Group of age
0

Bad/ Good frequencies

0.0% 20% 4.0% 6.0% 8.0% 10.0%

Group of age
0
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-60.00 -40.00 -20.00 0.00
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Development

Stage 3: Development Database Creation
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Development Sample Specification

Development sample spec. means specifying what we need in
the database we will use for development. We are not going to
take a dump of everything from the CDW or datamart.

Make the development process manageable and efficient:

e list of characteristics (or “variables” to be considered for
devp. You don’t want to have the entire DW.)

e sample sizes (for each segment and category. No point
regressing on 100k when 3k will suffice.)

e parameters from previous section.

Do all this bearing in mind the number of scorecards you want
developed and for which segments.
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Characteristic Selection

How do you select characteristics? Reinforce: there is a need for some thought to be put into
process in selecting characteristics ..

You get together with risk, mktg, product. And get operations areas such as collections
aboard (WHO knows your bad guys better than anyone else?)

e Expected predictive power

® Rehablhty (is this manipulated? or prone to be manipulated?, e.g. salary. Check

historical data - cannot be confirmed or too expensive to confirm. Can it be interpreted e.g.
occupation/industry type is the worst cases. Do poeple usually leave this blank.)

» manipulation (non-confirmable)
« interpretation (present and future)
e missing

® Legal 1Ssues (Cant ask/ get some info?.. Might get into trouble with some?)
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Characteristic Selection

e Ease in collection

« Do you want to spend time chasing missing info for a credit card?... may be OK
for a mortgage. How easy it is to get this piece of info?

e Policy rules

« Don’t include anything that is unchangeable PR, e.g. bankruptcy. If you are
going to decline all bankrupcy, no need to use it in scorecard.

e Derived variables - ratios
« Candoalot of ratios .. But put some business thought into it.

e Future direction.

« Will this info be collected in the future (e.g. app form redesign)?
o Industr%/ direction - not relevant today but will change. can include in card or
)

collect for future e.g. higher credit lines. Talk to credit bureaus industry trend
and how they affect the scorecard.
What are you doing: youre looking at objectives, company
operations, business knowledge, ground realities etc.

This is not just a stats exercise!!! 50
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Sampling

e Development, validation

e 70:30, 80:20

« If sample is small, do 100%, but validate with several 50-80%.
e Good, bad, reject

» 2000 of each (or higher)

» Oversampling (oversampling is common when modeling rare
events ... it leads to better predictions)

» Proportional sample - not recommended for low bad rates.
 Take what you got for bads and sample the goods.

e Ensure that each group has sufficient numbers for
meaningful analysis.
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Data Collection and Database
Construction

e Random and representative

» for each segment applicants (and accounts)
e One for unsegmented (to measure lift from segmentation)
 Data quirks, changes (preferably documented)

» e.g. code for renters changed from R to E .. Stopped collecting some
data item, new data fields, started collecting data recently etc. etc.

e Objective: Data collected, as specified.
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Adjusting for Prior Probabilities

 When oversampling Through-the-door
e Adjust to actual: 10,000

« Approval rate |

» Bad rate | |
Rejects  Accepts

2,950 7,050

l
* Do not need if you only | I

want to know relationships Bads  Goods
or rank ordering. 874 6,176

e Analysis and reports reflect
reality
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Adjusting for Oversampling

e Separate sampling is standard practice (helps when you just
did ‘bad’ definition)

* Prior probabilities must be known

e Can adjust before fitting the model or after.

'Two ways:
e Offset
e Sampling weights (frequency variable).
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Offset Method
Logit (p;,)=P,+ BX,+ ....+ BiX
When oversampling, logits shifted by the offset:
Logit (p*,)=In (p,t, / p,m) + B+ BX+ ...t BrX
Where

e p,and p_= proportion of target classes in the sample
e r,and m_ = proportion of target classes in the population.
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Offset Method

Adjustment post-model (after model development):

p/\i = (p/\*iponl) / [(1 B p/\*i) P 4 p/\*iponl)]

Where p/*. is the unadjusted estimate of posterior
probability.
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SAS Programs — Pre-model Adjustment

data develop;
set develop; /In (pito / PoTt,)

off=(offset calc);
run;

proc logistic data=develop ...;
model ins=..../ offset=off;
run;

proc score ... ;
p=1 / (l+exp(-ins));
proc print;
var p ...;
run;
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SAS Program — Post-model Adjustment

proc logistic data=develop...;
run;

proc score ... out=scored...;
run;

data scored;
set scored;

off = (offset calc);

p=1 / (l+exp(-(ins-off)));
run;

proc print data=scored ..;
var p ...;
run, 510
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Sampling Weights

Adjusts data to reflect true population
e Weights: r,/p, and t_/p,
e Or set weight of bad=1 and weight of good =
p(good)/p(bad) for population.

» For example, p(bad)=4%, 2000 goods,
2000 bads. Sample will show 2000 bads
and 48,000 goods.

e Normalization causes less distortion in
p values and standard errors.

e Use FREQ) variable in EM or calculate
sample weight and use weight=sampwt
in the LOGISTIC procedure.
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SAS Program

When using the WEIGHT statement, some output is not
correct.

data develop;

set develop;

sampwt=( n,/ po)* (ins=0) +
( m/ p;)* (ins=1);

run;

proc logistic data=develop ..;
weight=sampwt;

model ins=.....;

run;
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What Is the Difference?

e The parameter estimates will be different.

e When linear-logistic model is correctly specified, offset is
better.

e When logistic model is an approximation of some non-linear
model, weights are better.

 For scorecards, weighting is better since it corrects the
parameter estimates used to derive scores (prior probabilities
only affect the predicted probabilities).
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Development

Stage 4: Scorecard Development
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Objective

e Understand a methodology for developing and assessing risk
scorecards.
« Grouped attributes
 Logistic regression
 Reject inference
« Scaled points.
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Explore Data
Data Cleansing

Validate

——

Process Flow — Application Scorecard

Initial Characteristic

Analysis (Known
Good Bad)

(e

Final

Scorecard (AGB)
 Scaling

» Assessment

Preliminary
Scorecard (KGB)

!

Reject Inference

!

Initial Characteristic
Analysis (All Good
Bad)
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Process Flow — Behavior Scorecard

Explore Data | Initial Characteristic
Data Cleansing Analysis (Known
Good Bad)

!

Final
Validate < Score_card
* Scaling

e Assessment
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Before you start ...
* Explore the data, visualize (Insight in SAS EM)

e Distributions
e mMean, max/min, range, missing
e Compare with overall portfolio distributions
 Data integrity (any garbage, outliers)
e Ensure data meets the data specifications done earlier.
e Check that ‘o’s mean zero, not missing values.
e Population stability check:

« Month by month table of distribution for each predictor
(e.g. 200701 men 55%, women 45%, 200702 men 57%,

women 43%) N
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Missing Values and Outliers

e Missing (ALL financial data has missing and garbage values)

» Complete Case Analysis - Exclude everything with missing data .. In CS,
you'll end up with nothing ®.

» Exclude characteristics or records with significant missing values

« Group ‘missing’ as a distinct attribute -the weight of missing will tell you
what missing contains. If it is close to neutral, good since it is random.
Recommended - recognize that missing data has information value and may
not be randomly missing. Find the value and use it. Plus, including missing
‘points’ in scorecard will take care of ppl who leave it blank.

« Impute missing values — don’t use mean/most likely, model based on
decision tree may be better.

e Outliers (and mis-keys)
« Exclude/replace records.
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Missing Values

e Missing data is not usually random
e Missing data can be related to the target

« New at job may leave yrs at empl blank

« Low income or commercial customers leave income blank
e Do bad customers leave certain fields blank?

e Including and grouping missing data can answer this
question.
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Initial Characteristic Analysis

Analyze individual characteristics
e Identify strong characteristics
- Best differentiators between ‘good’ and ‘bad’

« Screening

Select characteristics for regression (variable selection).
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Initial Characteristic Analysis

e Start by performing initial grouping for each characteristic
and rank order Information Value (PROC DMSPLIT or SPLIT,
or EM node)

e Alternate: rank order characteristics by
Chi Square or other method

 Fine tune grouping for stronger characteristics

e May want to perform other analysis prior to this (for example,
use PC to identify collinear characteristics)

e Some people use principal components (PROC VARCLUS) to
identify which characteristics they need from each cluster.
And then concentrate on the best out of each.
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Criteria for Variable Selection

e Predictive power of attribute:
Weight of Evidence

e Range and trend of WOE across attributes

e Predictive power of characteristic:
Information Value, Gini index(coefficient)

e Operational/business considerations.
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Weight of Evidence

Distr Distr Distr

Age Count Count Goods Good Bads Bad| Bad rate| Weight
Missing 50 3.00% 43 2.40% 8 4.10% 16%| -55.497
18-22 200 10.00% 152 8.40% 48 24.90% 24%]| -108.405
23-26 300 15.00% 246( 13.60% 54| ( 28.00% 18%| (-72.039
27-29 450 23.00% 405 22.40% 45| 23.30% 10% -3.951
30-35 500 25.00% 475 26.30% 25 13.00% 5% 70.771
35-44 350 18.00% 349| 19.30% 11 5.70% 3%| 122.044
44 + 150 8.00% 147 8.10% 3 1.60% 2%| 165.509
Total 2,000 1,807 193 9.65%
Information Value = 0.066

| Distr Bad } x 100

Ln[
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Weight of Evidence

e Measures strength of each (grouped) attribute in separating
goods and bads

e (Distr Good / Distr Bad) = odds of being good
e Negative weight: more bads than goods

e Logical trend

e For age 23-26:

WOE =1n (0.136 / 0.28) = -0.722 (x 100 = -72.2)

525



_
Information Value (Strength)

Distr Distr Distr
Age Count Count Goods Good Bads Bad| Bad rate| Weight
Missing 50 3.00% 43 2.40% 8 4.10% 16%| -55.497
18-22 200 10.00% 152 8.40% 48| 24.90% 24%| -108.405
23-26 300 15.00% 246| 13.60%| 54(C 28.00% 18%]| (-72.039
27-29 450 23.00% 405| 22.40% 45 .30% 10% -3.951
30-35 500 25.00% 4751 26.30% 25( 13.00% 5% 70.771
35-44 350 18.00% 349 19.30% 11 5.70% 3%| 122.044
44 + 150 8.00% 147 8.10% 3 1.60% 2%| 165.509
Total 2,000 1,807 193 9.65%
Information Value = 0.066

>

Distr Bad] X  Weight

Kullback, S., Information Theory and Statistics (1959)
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Information Value

2 [(Distr Good - Distr Bad) x {Iln (Distr Good / Distr Bad)}]

When figures used in decimals format
(for example, 0.136).

Rule of thumb:
e < 0.02: unpredictive
* 0.02 - 0.1: weak
* 0.1 - 0.3: medium
® 0.3 +: strong
Too strong? (IV>o0.5) — use it in a controlled way (add them

in the end of regression to see if they add any incremental
value)
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Grouping
e Groups with similar WOE are put together

e For continuous variables, groups are created so as to
maximize difference from one group to next — and
maintain logical trend for WOE

Why Group?

e Easier way to deal with outliers with interval variables, and
for rare classes

e Format of the scorecard
e Easy to understand relationships
* Model non-linear dependencies with linear models

e Control the process
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Grouping

N=7098 (g=5559, b=1539)

cutpoints = [23 26 31 41 46 58 64]

80 - ; : ; : : 5 ; : 100 - ; : : : : ; Fr"."
o] | o0} e ol o
50 - ol S s sy
; : : : 5 S0
I S : : ; ©
C e o8 (B [g 1. £ 7o}
== 40 : 3 : 5 g : 3 6
= : : : : : : : : o2
o \ SRR 1. & 60l
8 NN . 1. 2
- 30r- * : : ; ; - ; : ; 5] 50 -
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: \""*/ = 20[ '
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10k - ....... ....... ....... ....... .......
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Vek Vek

Grouping of the demographic scorecard variable “age”. On the left pictures, the dependence of bad
rate (smoothed using normal probability density function) on the variables is presented. On the
right, the cumulative distribution function is presented. Vertical lines represent the borders between
categories, horizontal red lines in the left picture represent the mean bad rate in categories,
horizontal blue lines in the right picture represent the relative distribution of observations in the
categories. 529
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Logical Trend

Predictive Strength

200

150 +
100

50 T

0 i
'g
50 +

-100

Weight

7-29 30-35 35-44

-150

Age
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Logical Trend

 Final weightings make sense.
e Enables buy-in from risk managers.

e Confirms business experience
« young people are higher risk
- higher debt service means higher risk

e Reduces overfitting if done right - model overall trend, not
quirks. Remember how long the scorecard has to last. This is
not going to be used for the next campaign and then

discarded.

e Linear relationship not always true, but need trend to
confirm, and back up with business experience. E.g. revolving
open burden shows a ‘banana curve’ everywhere and is now
accepted as that. People don't try to make it straight.
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Logical Trend

Predictive Strength

100

80 -+
60 +
40 +

] A\
O 1

20 4 g 18-22 -2 35-44 44 +
40 +

-60 +

Weight

-80

Age

Obviously not a logical trend!!! -
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Logical Trend

Predictive Strength

200
Which line shows logical 150 -
trend? 00
Both are logical. What’s the
difference? 5 %]

- Misgw-zg 2035 3544 44+

Blue line shows good 501
differentiation. 100 -
Red line is flat, and this 150
characteristic is likely very Age
week and will be reflected in
the IV.
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ﬁlity check

Check the stability of grouping throughout the whole developmnet
time window:

age fr pot risky all | segment
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—rr
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Business Factors

e Nominal values

» group based on similar weight (for example, postal code,
occupation)

« investigate splits on urban/rural, regional
e Breaks concurrent with policy rules
e Sanity check.
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Variable Selection

List of information values of variables (predictors)

I\ Information
No Character Rank Value
1 Maxdeling LOM 1 0.176
2 Months since delinquent 2 0.176
3 Active contract (Y/N) 3 0.045
4  Average Delinquency L9M 4 0.087
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Cviceni —profile

/* 2b. Profiles */

% let input=income;
%let groups=yes;
%let n_groups=4;

/* grouping 1 - kvantily */

proc rank data=indata.accepts (keep==&input) groups=&n_groups
out=bins;

var &input;

ranks bin;

run;

proc summary data=bins nway missing;

class bin;

output out=bins (drop=_type_) min(&input)=start max(&input)=end;
run;

data bins;

set bins;

label=compress(put(start,best.))||" - '||compress(put(end,best.));
fmtname='__bin";

type='N";

run;

proc format cntlin=bins;

run;

% macro profile(input,groups);
/* Profile of &input according to BAD60 */

proc summary data=indata.accepts;
class &input;
output out=__bins (drop=_type_ rename=(_freq_=__n))
sum(bad60)=__n1;
%if %upcase(&groups)=YES %then %do;
format &input __bin.;
%end;
run;

data __ bins;
set __bins end=__finish;
if _n_=1 then do;
_aln=_n;
_al_ni=_n1;
_all_n0=__n-__n1;
retain __all_n:;
end;
else do;
__p=_n/_al_n;
_n0=_n-_n1;
_pl=_n1/_ al_n1;
__p0=__n0/__all_n0;
_rl=_n1l/_n;
_r0=_n0/_n;
__woe=log((__p0)/(__p1))*100;
__all_iv+(__p0-__p1)*__woe/100;
output;
end;
if __finish then do;
call symput(‘groups’,compress(put(_n_-1,best.)));
call symput('iv',compress(put(__all_iv,8.4)));
call symput('br',compress(put(__all_n1/__all_n,best.)));
end;
attrib
__n label='N'
_p label="%' format=percent8.1
__nl label="N of Bad"
__n0 label="N of Good"
__pl label="% of Bad" format=percent8.1
__p0 label="% of Good" format=percent8.1
__rl label="Bad rate" format=percent8.1
__r0 label="Good rate" format=percent8.1
__woe label="WOE' format=8.2
&input label="Group of &input"

;
drop __all:;
Run;
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data __chart (keep=&input __sub
_p0_r0_n1_pl_rl)

set __bins (keep=&input __n0
length __sub $4;
__sub="Good";
__n=_n0;
__p=_p0;
_r=_r0;
output;
__sub="Bad";
__n=_nl;
_p=_p1;
_r=_rl;
output;
attrib

__n label='N'

__p label="%' format=pe

_n_p_n;

format=8.0

rcent8.1

__r label='Rate’ format=percent8.1

__sub label='Target'
7

run;

proc datasets nolist;
delete gseg / memtype=catalog;
quit;

ods listing close;

goptions reset=all ftext="arial' htext=1.5 ftitle="'arial' htitle=2;

proc gchart data=__chart;

axis1 style=0;

axis2 minor=none order=(0 to 1
axis3 minor=none label=none;

by .25) label=none;

axis4 minor=(n=4) label=none;

where __sub="Bad";

hbar &input / discrete sumvar=__r noframe nostats
maxis=axis1 raxis=axis3 autoref cref=graya0 clipref

name="__1";
title "Bad rates";
run;
where;

hbar &input / discrete subgroup=

__sub sumvar=__n noframe nostats

maxis=axis1 raxis=axis3 autoref cref=graya0 clipref

name="__2";
title "Bad / Good frequencies";
run;
Quit;

—

proc gchart data=__bins;

hbar &input / discrete sumvar=__woe noframe nostats
maxis=axis1 raxis=axis4 autoref cref=graya0 clipref
name="__3";

title "Weight of evidence";

run;

hbar &input / discrete sumvar=__p1 noframe nostats
maxis=axis1 raxis=axis4 autoref cref=graya0 clipref

name="__4";
title "Bad distribution";
run;
quit;

ods html path="&appl_root" file="5.profile.html" style=statdoc;

proc report data=__bins nofs style(summary)=[htmiclass="Hea
columns ("Attributes of &input" &input) (‘Total' __n _ p)

der"];

("Good" __n0 __p0) ("Bad" __n1 __pl) ('‘Measures' __r1 __woe);

define &input / group;
compute after;
__rl.sum=&br;
__woe.sum=.;

endcomp;

rbreak after / summarize;
title "Bad / Good by &input";

footnote "IV=_&iv (<0.02 unpredictive, <0.1 week, <0.3 medium, <0.5 strong, >0.5 over)";

run;

goptions device=gif;
proc greplay nofs;
footnote;

igout gseg;

tc sashelp.templt;
template 12r2;

treplay 1:__12:_ 2 3:
run;

quit;

title;

__34:__4 name="5_profil";

Bad / Good by income

footnote;

ods html close;
ods listing;

% mend profile;

% profile(&input &groups)

Attributes of income
Group of income
15000.067206 - 17541 45177
17541.61083 - 19631.429437
19631.471069 - 21723.106242

21723273059 - 35790.940583

Total Good Bad
N % N of Good % of Good N of Bad % of Bad
16147  25.0% 15631 25.0% 516 26.1%
16147  25.0% 15688 251% 459 23.2%
16148 25.0% 15683 25.0% 465 23.5%
16147  25.0% 15612 24.9% 535 27.1%
64589 100.0% 62614 100.0% 1975 100.0%

Measures
Bad rate WOE
32% 455
28% 7.2
29% 6.19
33% -8.29
3.1%

N=0.0046 (<0.02 unpredictive, <0.1 week, <0.3 medium, <0.5 strong, >0.5 over)
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[*profile multiple characteristics at once*/
%maodel_profilevar
(
data=data.accepts,
interval=age income idratio ,
binary=sex phone client,
ordinal=age_grp income_grp region,
groups=5,
target=bad30,
rep_out=&appl_root

Bad / Good by Sex

Attributes of sex Total Good Bad Measures
Group of sex Sex N %o NofGood % of Good NofBad % of Bad Badrate WOE
M M 45138 69.9% 42061 69.6% 3077 74.7% 6.8% -7.16
Zz Z 19451  30.1% 18410 30.4% 1041 253% 54% 18.59

64589 100.0% 60471 100.0% 4118  100.0% 6.4%

Unpredictive (IV = 0.0133, 2 groups)

Bad / Good by Phone member?

Attributes of phone Total Good Bad Measures
Group of phone Phone member? N % NofGood % of Good NofBad % of Bad Badrate WOE
0 0 8081 12.5% 7431 12.3% 650 15.8% 8.0% -25.04
1 1 56508 87.5% 53040 87.7% 3468 84.2% 6.1%  4.07
64589 100.0% 60471 100.0% 4118  100.0% 6.4%

Unpredictive (IV = 0.0102, 2 groups)

Bad / Good by Existing client?

Attributes of client Total Good Bad Measures
Group of client Existing client? N % Nof Good % of Good NofBad % of Bad Badrate WOE
0 0 60188 932% 36251 93.0% 3937 95 6% 6.5% -2.74
1 1 4401 6.8% 4220 7.0% 181 4.4% 41% 46123
64589 100.0% 60471 100.0% 4118  100.0% 6.4%

Unpredictive (IV = 0.0126, 2 groups)
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Bad / Good by Age groups
Attributes of age grp Total Good Bad Measures
Group of age_grp Age groups N % NofGood % of Good NofBad % of Bad Badrate WOE
do 30 do 30 2057 4.6% 2662 4 4% 205 7.2% 10.0% -48.69
30-60 30-60 58713 909% 55057 91.0% 3656 88.8% 62% 252
nad 60 nad 60 2019 4.5% 2752 4.6% 167 41% 57% 1153
64589 100.0% 60471 100.0% 4118  100.0% 6.4%
Unpredictive (IV = 0.0146, 3 groups)
Bad / Good by Income groups
Attributes of income_grp Total Good Bad Measures

Group of income_grp Income groups N %o Nof Good % of Good NofBad % of Bad Badrate WOE
do 17 do 17 12070 18.7% 11213 18.5% 837 20.8% T.1% -11.34
17-22 17-22 37859  586% 35567 58.8% 2292 35.7% 6.1% 552
22-27 22-27 13680  212% 12820 21.2% 860 20.9% 6.3% 1.50
nad 27 nad 27 980 1.5% 871 1.4% 109 2.6% 11.1% -60.85

64589 100.0% 60471 100.0% 4118  100.0% 6.4%

Unpredictive (IV = 0.0118, 4 groups)
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ceni

Bad / Good by Region
Attributes of region Total Good Bad Measures
Group of region Region N % NofGood % ofGood NofBad % of Bad Badrate WOE
1 1 12537 194% 11404 18.9% 1133 27.5% 9.0% -37.77
2 2 16335 253% 15498 25.6% 837 20.3% 51% 23.18
3 3 10679  16.5% 10034 16.6% 645 15.7% 6.0% 577
4 4 10797 16.7% 10170 16.8% 627 15.2% 58% 995
5 5 7199 11.1% 6783 11.2% 416 10.1% 58% 1047
6 6 7042 10.9% 6582 10.9% 460 11.2% 6.5% -2.59
64589 100.0% 60471 100.0% 4118 100.0% 6.4%

Weak predictivity (ITV = 0.0483, 6 groups)
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ceni

Bad / Good by Age
Attributes of age Total zood Bad Measures
Group of age  Age N %% NofGood % of Good NofBad % of Bad Badrate WOE
0 18-35 13688 212% 12420 20.5% 1268 30.8% 93% -404%5
1 36-40 11385 17.6% 10485 17.3% 900 21.9% 7.9% -23.15
2 41-45 14645  227% 13918 23.0% 727 17.7% 5.0% 2652
3 46-51 12385 192% 11806 19.5% 577 14.0% 47% 3317
4 52-74 12488 193% 11842 19.6% 646 15.7% 52% 2218
64589 100.0% 60471 100.0% 4118  100.0% 6.4%

Wealk predictivity (IV = 0.0931, 5 groups)
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V4

Bad / Good by Income
Attributes of income Total Good Bad Measures
Group of income Income N % Nof Good % of Good NofBad % of Bad Badrate WOE
0 15000-17.105 12917  20.0% 12011 19.9% 906 22.0% 7.0% -10.23
1 17.105-18.822 12918  20.0% 12204 20.2% 714 17.3% 55% 15.18
2 18.822-20398 12918  20.0% 12122 20.0% 796 19.3% 6.2%  3.64
3 20398 -22339 12918  20.0% 12102 20.0% gl6 19.8% 6.3% 099
4 22340-35791 12918  20.0% 12032 19.9% 886 21.5% 69% -7.82
64589 100.0% 60471 100.0% 4118  100.0% 6.4%

Unpredictive (IV = 0.0080, 3 groups)

543



Cviceni

Bad / Good by Income/Debt ratio
Attributes of idratio Total Good Bad Measures
Group of idratio Income N % Nof Good % of Good NofBad % of Bad Badrate WOE
Debt ratio
0 00175-00225 12917 20.0% 11994 19 8% 923 22 4% 71% -1223
1 0.0225-00293 12918  20.0% 11998 19 8% 920 223% 7.1% -11.87
2 00293-00421 12918  20.0% 12061 19.9% 857 20.8% 6.6% 425
3 0.0421-00714 12918  200% 12216 20.2% 702 17.0% 54% 1698
4 00714-02995 12918 20.0% 12202 20.2% 716 17 4% 55% 1489
64589 100.0% 60471 100.0% 4118  100.0% 6.4%

Unpredictive (IV = 0.0160, 5 groups)
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9. Evaluace modelu — LC(ROC),
Gini, KS, Lift

Lorentz curve

007 -

0.06

score

004

003

Probability of Default

i i i 1 i
0 10 20 30 40 50 60 70 80 90 100
Score (relative) - the higher the better
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Uvod

 Je nemozné vyuzivat predikéni modely efektivné
bez znalosti jejich kvality/diskriminacni sily.

J Vétsinou je k dispozici cela fada modelt a je tieba
vybrat jen jeden - ten nejlepsi.
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Meéreni kvality modelu

® Uvazujeme dva zakladni skupiny indext kvality. Prvni je zaloZena na distribuc¢ni
funkci. Mezi nejpouzivanéjsi indexy patfi

Kolmogorovova-Smirnovova statistika (KS)
Giniho index

C-statistika

Lift.

® Druha skupina index(i je zalozena na pravdépodobnostni hustoté. Mezi
nejznameéjsi indexy patii

Stredni diference (Mahalanobisova vzdalenost)
Informacni statistika/hodnota (I,).
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Indexy zalozené na distribucni funkci - KS

/

1, klient jedobry
D, = {O ient jedobry

Empirické distribuc¢ni funkce:

1 n
F, coop (@) = ;Z](Si SanDy = 1)
i=1

Jinak.

F, pip (@) = ii[(‘gi SanDyg = O)
i=1

FN‘ALL(a)Z%iI(SiSa) ac|L H]

I(A): {1 A“platl
0 Jjinak

Pocet dobrych klientd: N
Pocet Spatnych klient: m
Proporce dobrych/Spatnych klientf: Ps = Pp =

n

n+m’

Kolmogorovova-Smirnovova statistika (KS)

KS = max] ‘Fm,BAD (@) —F, Goop (a)‘

ae[L,H

T T
====:Bad clients
09} | = Good clients

081

H ’I P
r

m

n+m
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Lorenzova krivka

Lorenzova kfivka (LC)

x=F, zp(a)
y=F, coop(a), a e [L, H]

Giniho index

Gini = 2A

A+B

n+m

Ginl=1—- Z(Fm.BADk - Fm.BAD k—l)' (Fn.GOODk + Fn.GOODk—l)
k=2

kde Fi saok (Fn_GOODk) je k-ta hodnota vektoru empirické distribucni funkce Spatnych (dobrych) klient(
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Somersovo D, Kendalovo 7,

Giniho index je specialni pripad Somersova D (Somers (1962)),
které je poradovou asocia¢ni mirou definovanou jako

T
_ XY
DYX_

T xx
kde T , je Kendallovo 7 ,definované jako 7y = £ [sign(X, — X, )sign(¥;, - Y, )]
kde (X,,Y) (X,.Y,) jsou bivariantni, stochasticky nezavisl¢, ndhodné vektory

nad touz datovou populaci, a £ [] znadi stfedni hodnotu. V nasem ptipadé je Y=i
jestlize je klient dobry a Y=0 jestlize je klient $Spatny. Proménna X reprezentuje skore.

Thomas (2009) uvadi, Ze Somersovo D hodnotici vykonnost daného credit
scoringového modelu lze vypocitat pomoci Z g Z b, — Z g Z b,

<1 i Jj>i
D /
S

n-m

kde g; (b;) je pocet dobrych (3patnych) klientt v i-tém intervalu skore.
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Somersovo D, Mann-Whitney U

Dale plati, Zze Dy mtze byt vyjadfeno pomoci Mann-
Whitneyho U-statistiky:.

Sefad datovy vzorek ve vzestupném pofadi podle skoére a secti poradi

dobrych klient(i ve vzniklé posloupnosti. Ozna¢me tento soucet jako R.
Potom

U:RG—%n(n+l) D, =2
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Konkordantni, diskordantni pary
Konkordantni par (X,Y,), (X,,Y,):
sgn( X, —X,;) =sgn(Y, —Y;)

Diskordantni par:

sgn( X, — X;) =—son(Y, —Y;)

V nasem pripadé X predstavuje skore a Y ukazatel dobrého
klienta (D). Protoze dobry klient ma hodnotu Y=1 a $patny Y=o,
je zfrejmé, Ze u konkordantniho paru ma dobry klient vyssi
hodnotu skore nez klient Spatny.
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Somersovo D, Goodman-Kruskal gamma

Uvazujme tedy dva ndhodné vybrané klienty, pticemz jeden je dobry (Y =1) a
druhy $patny (Y,=0), skore prvniho ozna¢me s, druhého s,. Pak

Konkordantni par (Concordant): S,>S,
Diskordantni par (Discordant): S, <S,
Vézany par (Tied): S, =S,

» Somersovo D:

#Concordant — # Discodrant

D. —
> #Concordant + # Discodrant + #Tied

» Goodmanovo-Kruskalovo Gamma:

_ #Concordant — # Discodrant
7~ #Concordant + # Discodrant
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C-statistika

C-statistika:

1+ Gini
2

c—stat = A+ C =

Tato statistika je rovna pravdépodobnosti, Ze ndhodné vybrany dobry
klient ma vyssi skére nez nahodné vybrany Spatny klient, tj.

c—staxt:P(S1 =28, | Dg =1A Dy :O)
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Lift

Dalsi moznou mirou kvality scoringového modelu je Lift, ktery fika kolikrat
je dany model, pfi dané urovni zamitani, lepsi nez nahodny model. Pfesnéji
feceno jde o pomér proporce Spatnych klienti se skore mensim nebo rovno
dané hodnoté skére a, a € [L, H], ku proporci $patnych klientt v celé populaci.

Formalné jej 1ze zapsat takto:

ninf](si Sa/\Y=O) ’in](si Sa/\Y=O)
i=1 i=1
Lifi(a) = CumBadRate(a) ;[(Si =a ) B ;](Si =a )
JR= BadRate N - - n
> I(Y=0) N
i=1
Y I(Y=0vY=1)
i=1
absLifi(a) = BadRate(a)
BadRate

Lift value

in
T

,,,,
......

0 i i i i i i i i i
0 01 02 03 04 05 06 07 08 09 1

FALL
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Lift

—

d Usually it is computed using table with numbers of all and bad clients in
some score bands (deciles).

absolutely cumulatively
decile # cleints # bad clients Bad rate abs. Lift # bad clients Bad rate cum. Lift

1 100 35 35.0% 3.50 35 35.0% 3.50
2 100 16 16.0% 1.60 51 25.5% 2.55
3 100 8 8.0% 0.80 59 19.7% 1.97
4 100 8 8.0% 0.80 67 16.8% 1.68
5 100 i =.0% 0.70 74 14.8% 1.48
6 100 6 6.0% 0.60 8o 13.3% 1.33
7 100 6 6.0% 0.60 86 12.3% 1.23
8 100 5 5.0% 0.50 91 11.4% 1.14
9 100 5 5.0% 0.50 96 10.7% 1.07
10 100 4 4.0% 0.40 100 10.0% 1.00

All 1000 100 10.0%

It takes positive values. Cumulative form ends in value 1.

A Upper limit of Lift depends on Pg.

Lift value

4,00
3,50
3,00
2,50
2,00
1,50
1,00
0,50

e=p==ahs. Lift —

e=O=cym. Lift
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Lift

Pokud bad rate neni monotonni:

absolutely cumulatively
4 decile # cleints # bad clients Bad rate abs. Lift # bad clients Bad rate cum. Lift
LC Vypada OK 1 100 D) 8 By 8,0% 1,60 8 8,0% 1,60
. . 7 v r~v s ’ 0, 0
Gini se mimé sni e e e
,0% ; ,0% ;
Lift ovSem Vypadé 4 100 5 5,0% 1,00 41 10,3% 2,05
. o 5 100 3 3,0% 0,60 44 8,8% 1,76
podivne 6 100 2 2,0% 0,40 46 7,7% 1,53
7 100 1 1,0% 0,20 47 6,7% 1,34
8 100 1 1,0% 0,20 48 6,0% 1,20
9 100 1 1,0% 0,20 49 5,4% 1,09
10 100 1 1,0% 0,20 50 5,0% 1,00
All 1000 50 5,0%
1
3,50
0.8 ’ 3,00 —o— cum. Lift
06 2,50
()
= 2,00
©
0,4 Z \ \
= 1,50
— \O\C>\O\O
0,2 A 1,00
Lornz curve
Base line 0,50
0 ; ; ; ' \—0—0—0
0 0,2 0,4 0,6 0,8 - T T T T T T T T
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Lift

Pokud ma skodre zcela opacny smysl,
obdrzime ,,opacné” obrazky.

absolutely cumulatively
decile # cleints # bad clients Bad rate abs. Lift # bad clients Bad rate cum. Lift
1 100 16 16,0% 3,20 16 16,0% 3,20
2 100 [/ 12 '\ 12,0% 2,40 28 14,0% 2,80
3 100 8 8,0% 1,60 36 12,0% 2,40
4 100 5 5,0% 1,00 41 10,3% 2,05
5 100 3 3,0% 0,60 44 8,8% 1,76
6 100 2 2,0% 0,40 46 7.7% 1,53
7 100 1 1,0% 0,20 47 6,7% 1,34
8 100 1 1,0% 0,20 48 6,0% 1,20
9 100 \ 1/ 1,0% 0,20 49 5,4% 1,09
10 100 L./ 1,0% 0,20 50 5,0% 1,00
All 1000 50 5,0%
absolutely cumulatively
decile # cleints # bad clients Bad rate abs. Lift # bad clients Bad rate cum. Lift
1 100 / 1\ 1,0% 0,20 1 1,0% 0,20
2 100 / 1\ 1,0% 0,20 2 1,0% 0,20
3 100 1 1,0% 0,20 3 1,0% 0,20
4 100 1 1,0% 0,20 4 1,0% 0,20
5 100 2 2,0% 0,40 6 1,2% 0,24
6 100 3 3,0% 0,60 9 1,5% 0,30
7 100 5 5,0% 1,00 14 2,0% 0,40
8 100 8 8,0% 1,60 22 2,8% 0,55
9 100 \ 12 / 12,0% 2,40 34 3,8% 0,76
10 100 \16/ 16,0% 3,20 50 5,0% 1,00
All 1000 50 5,0%

3,50
=&— abs. Lift /
3,00 0= cum. Lift /
2,50
o /
= 2,00
©
3 4
£ 1,50
3 /
- / / 77777
0,50
o o o rM
2 3 4 7 8 10
1
Gini= - 0,55
0,8
0,6
0,4
0,2
== Lornz curve
——Base line
0 T T
0,6 0,8 558

0,2 0,4
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Lift vs. Gini a KS

Je evidentni, ze pouze Gini nestaci!l!

SC 1 : 1 1
o9 Gini= 0,42
decile # cleints # bad clients Bad rate 0,8 0,8
1 100 35 35,0% 07 4
2 100 16 16,0% 06 064
3 100 8 8,0% ' '
4 100 8 8,0% 05 1
5 100 7 7.0% 0.4 1 041
6 100 6 6,0% 03
7 100 6 6,0% 0.2 4 021 = ornz curve
8 100 > 5,0% 0,1 4 ——Base line
9 100 5 5,0% o 0 - . . -
10 100 4 4,0% 0 01 02 03 04 05 06 07 08 09 1 0 0,2 0,4 0,6 08 1
All 1000 100 10,0%
SC 2. .
Gini=0.42
decile # cleints # bad clients Bad rate 0,8 1
1 100 20 20,0%
2 100 18 18,0% 06 4
3 100 17 17,0% '
4 100 15 15,0%
5 100 12 12,0% 0.4
6 100 6 6,0%
7 100 4 4,0% 0.2 — Lornz curve
8 100 3 3,0% )
5 100 3 3.0% . ——Base line
10 100 2 2,0% 0 02 04 06 08 1
All 1000 100 10,0%
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Lift vs. Gini a KS
SC1: SC 2;

2,50

4,00

350 —-o— abs. Lift —-— abs. Lift
' =O= cum. Lift 200 | =O=cum. Lift
3,00 ’ §&
\N %.O
v 250 \b\\ ® 150 N ~~
3 =
> 2% = \ “\O\O\O\%
S 150 %w_ S 100 \
1,00 M \
H-.. 0,50
N—‘\A o
0,50 —— \’\0—0\’
12 3 4 S5 6 7 8 9 10 12 3 4 5 6 7 8 9 10
decile decile

Liftegy, = 1.48 < Liftey, = 1.64

SC 2 je lepsi, pokud je predpokladand mira zamitani (reject rate) pfiblizné 50%.
SC1jevyznamné lepsi, pokud je predpokladany reject rate ptiblizné 20%.
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" Lift, QLift

A Lift can be expressed and computed by formula:

Lift(a) =

|:m. BAD (a)

|:N .ALL

ae|L,H]

A In practice, Lift is computed corresponding to 10%, 20%, .
, 100% of clients with the worst score. Hence we define:

m BAD (FN ALL (q))

QLiftt(q) =

N ALL (FN ALL (q))

1

m BAD (FN ALL (q))!

qe<(0,1]

N ALL (q) mln{a = [L H] |:N ALL (a) 2 q}

A Typical value of gis 0.1. Then we have

QLift,,, = QLift(0.1) =10-F

m.BAD (FN ALL (O 1))
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“ Lift and QLift for ideal model

A It is natural to ask how look Lift and QLift in case of ideal
model. Hence we derived following formulas.

> Lift for ideal model: o,
| p%e' a < c
Liftigeal (ﬂ-) — 1 .
Fn.arprp(a)’ @=c

QLift value

> QLift for ideal model:

L q <€ (0, pB]
QLiftigear(q) = }fB
- q € (pB,1]

P I:N.ALL

We can see that the upper limit of Lift
and QLift is equal to }{: :
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“Lift Ratio (LR)

d Once we know form of QLift for ideal model, we can define

Lift Ratio as analogy to Gini index.

1 _
IR— A Jo QLift(q)dq—1

A+B  [YQLiftigear(q) dg — 1

Q It is obvious that it is global measure of
model's quality and that it takes values from 0
to 1. Value 0 corresponds to random model,
value 1 match to ideal model. Meaning of this
index is quite simple. The higher, the better.
Important feature is that Lift Ratio allows us to
fairly compare two models developed on
different data samples, which is not possible
with Lift.

QLift value
o [l N w N (62} (o)} ~ (00}

5
= Actual model

= |deal model
Random model ||
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“RIift, IRL

Q Since Lift Ratio compares areas under Lift function for actual and ideal models, next
concept is focused on comparison of Lift functions themselves. We define Relative Lift
function by

| Lift(q ool
RLift(q) = — Q ft(a) , q € (0,1] |
(JL? ftideaf.(ff) ool

O In connection to RLift we define Integrated Z:z: —

Relative Lift (IRL): 01p —deal model |
1 % 0.2 0.4 06 0.8 1
IRL = f RLift(q) dg o
0

2
3 It takes values from 0-5+% , for random model, to 1, for ideal model.
Following simulation study shows interesting connection to c-statistics.
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" Priklad

\/

O We consider two scoring models with score distribution given in the table below.

d We consider standard meaning of scores, i.e. higher score band means better clients (the
highest probability of default have clients with the lowest scores, i.e. clients in score band 1).
A Gini indexes are equal for both models.
d From the Lorenz curves is evident, that the first model is stronger for higher score bands
and the second one is better for lower score bands.

O The same we can read from values of QLift.

Scoring Model 1 Scoring Model 2
# cumul. | # cumul. # cumul. | # cumul.
score band | # clients q # bad clients |bad clients| bad rate QLift # bad clients [bad clients| bad rate QLift
1 100 0.1 20 20 20.0% 2.00 35 35 35.0% 3.50
2 100 0.2 18 38 19.0% 1.90 16 51 25.5% 2.55
3 100 0.3 17 55 18.3% 1.83 8 59 19.7% 1.97
4 100 0.4 15 70 17.5% 1.75 8 67 16.8% 1.68
5 100 0.5 12 82 16.4% 1.64 7 74 14.8% 1.48
6 100 0.6 6 88 14.7% 1.47 6 8o 13.3% 1.33
7 100 0.7 4 92 13.1% 1.31 6 86 12.3% 1.23
8 100 0.8 3 95 1.9% 1.19 5 g1 11.4% 1.14
9 100 0.9 3 98 10.9% 1.09 5 96 10.7% 1.07
10 100 1.0 2 100 10.0% 1.00 4 100 10.0% 1.00
All 1000 100 100

| e==LC - Scoring Model 1 Gini = 0.42

==LC - Scoring Model 2 Gini =0
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’ | \/
Priklad

A Since Qlift is not defined for g=0, we extrapolated the value by
QLift(0) = 3- QLift(0.1) —3- QLift (0.2) + QL.ift(0.3)

10.00 -_QLift - model 1 ..... 1.00
=== Q)L ift - ideal model
8.00 =—=QLift - random model |
°o =s=QLift - model 2 0,80
e 2
g 6.00 c_>c 0.60
by
= \ £
400 4 |
o ’ x 040
acmR Lift - model 1
2,00 - ; === R Lift - ideal model
0,20 =R Lijft - random model
- eameR L ift - model 2

0 1 2 3 4 5 6 7 8 9 10 T '
0o 1 2 3 4 5 6 7 8 9 10
score band score band

According to both Qlift and RIift curves we can state that:
> If expected reject rate is up to 40%, then model 2 is better.
> If expected reject rate is more than 40%, then model 1 is better.

<
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Priklad

O Now, we consider indexes LR and IRL:

10 11

L e OQLift - ideal model |~ 1,00
@QLift - model 2 B@RLift - model 2
o 81 N OQLift - random model | 0.80 -
= <]
S T BY 1 _ A [ = 0,60
s <
c ‘“E N A+B =0,40
2
0,20
0 - T T ‘ T T T T
0 1 2 3 4 5 6 7 8 9 10
score band T2 3 4 sc%re?:anz 8 9
i del i del .
Scormglmo : Scormgzmo : Usmg LR and IRL we can state
glgflt(o ST - that model 2 is better than
LR 0.242 0.372 model 1 aIthough their Gini
RL 639 L coefficients are equal.
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Stredni diference

Stredni diference (Mahalanobis M e M b
distance): D =

kde S je spole¢na smérodatna odchylka:
1

2 2\3
nS,” +msS,

n—+m

S =

M , , M, jsou stiedni hodnoty dobrych (Spatnych) klientt

S g S, jsou pfislusné smérodatné odchylky.




/ I -
Normalne rozlozené skore

Predpokladejme, Ze skore dobrych a Spatnych klientd je normalné rozlozeno, tj. jejich
pravdépodobnostni hustoty maji tvar
(x—yg )2 (x_ﬂb )2

1 - o2 1 - 65
2% Sap (X) = e ’

fGOOD(x) - Gg\/g € Gb\/ﬂ

Odhady parametrl 14, t4,, 048 0, :
M, ,M, jsou aritmetické prliméty skore dobrych (Spatnych) klientd
S, §,jsou smérodatné odchylky skore dobrych (Spatnych) klientd

1

Spolecna smerodatna odchylka: ( nS.> +ms,> jz

n—+m

Odhady stfedni hodnoty a smérodatné odchylky skdre vSech klientll 4z, , , oA .

nM _ +mM
M=M,, = rg1+m = S =

1
nS, +mS,” +n(M,-MV +m(M, - M)\
(n+m)
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Normalne rozlozené skore

Predpokladejme, ze smérodatné odchylky obou skore jsou rovny hodnoté o, pak:

D=
O

Ing _ll’lb

o3 o 2ol

Gini = 2-®(Rj—1

J2

Lift, =~ @
q

(m.cpl(q)+ o .Dj
O

LM, M,
S
Lift, =%®[%®1(q)+ Pe - Dj

Kde CD() je distribu¢ni funkce standardizovaného normalniho rozlozeni, ® o (+) je distribu¢ni
funkce s parametry 11 , 5% a ® ' (") je standardizovana kvantilova funkce.
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/I \V4 \V/ V 4 Y 4
Normalne rozlozene skore

Obecng, tj. bez predpokladu rovnosti smérodatnych odchylek skore:

D*: ll’lg_ll'lb D*:—Mg _Mb
Jo.+o, S+ S,

a

a

KS:cD(—ab-D*—la \/azD*2+2b-cj—CD(—O' -D*—lab\/azD*2+2b-cj
b b * b * b

kde a=1/05+0g2, b

:Gb—

S, + S S

KS =®
[g_g

Si-s? *

b

JSP+S?
—(DL ° _£8.D

2
b

1

g2 lSz Sg\/(sz_l_ng)D*z +2'(Sb2 —S;)]n[£

)
s

b g b

+S2)D" +2-(S? —ng)ln(‘;gn

b




/ X/

Normalne rozlozené skore

Obecng, tj. bez predpokladu rovnosti smérodatnych odchylek skore:

Gini =2-®(D")-1

1
Lift, = %CD%'G& (,uALL + 0L .q)—l(q)): %cD(O'ALL -D (Cclz-l- HaiL _ﬂbJ
b

Lift, = E(I)LSALL @Y q)+M — Mbj
q S
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X/

/

N

ormalne rozlozenée skore

KS: /le:O,O-lle

QA KS i Gini reaguji velmi
siiné na zmenu u, , ale
zOstavaji  témér ) beze
Zmeny ve smeru o,

e Gini > KS

— K5

Gini
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/

N

ormalne rozlozenée skore

Liftloo/o: /le — O, O-l? :1

Q V pripadé indexu
Lift, 0, je evidentni
silna zavislost na
vyznamné vyssi
zévislost na o, nez v
pripade KS a Gini.
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ROC (Receiver operating characteristic )

TN (true negarive) - pocet spravné klasifikovanych negativnich pfipadn

TP (rrue positive) —pocet spravné Klasifikovanych positivnich pfipadn

FP (false positive) —pocet nespravné klasifikovanych negativnich pfipadi

FN (false negative) —pocet nespravné klasifikovanych positivnich pfipadn

Predikce
Skter (¥ a1 Celkem
il i) FF W)
1 N [ =
Celkem = FFas Ly

575



P

\/

ROC —TPR, FPR

flx)

TPR= TP/ P= TP/ (TP + FN)
- FPR=FP/ N= FP|(FP+ TN)

pr(c) = P(X > c|G)=1-F(c)

tnr{c) =P(X <c|Gy)=F(c)

pric)=P(X >c|Gy)=1-F,(c)

Jar(c) =P(X <c | G)) = F(c)
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ROC
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P{TP)
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P(FP)
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F

| | I | 1 | I

0.2 0.4 0.6 0.8 1

False positive rate
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http://upload.wikimedia.org/wikipedia/en/0/00/Roc.png

/
ROC - ACC

Accuracy:
ACC= (TP+ TN/ (P+ N)

A B C C'
TP=63 FP=28 91 TP=77 FP=77 154 TP=24 FP=88 112 TP=88 FpP=24

FN=37 TN=72 109 FN=23 TN=23 46 FN=76 TN=12 88 FN=12 TN=76

100 100 200 100 100 200 100 100 200 100 100
TPR =0.63 TPR =0.77 TPR=0.24 TPR =0.88
FPR=0.28 FPR=0.77 FPR=0.88 FPR=0.24
ACC=0.68 ACC=0.50 ACC=0.18 ACC=0.82

TPR or sensitivity

112
88
200

ROC space
ﬁ\ , . : . ;
0.9l perfect .(E’ , 1
Fs

KN

0.8} .. B.,” i
~ ,.
“,
0.7¢ . L |
hY

o ~ / ‘

06 - A \ey . ’ .
L=l
g .
N
0.5} better 9” *o .
9/ ~
0.4} \ & N 1
& ~

&7 .

0.3f &7 R .
&7 »
0.2} &7 c |
o
=
N
0.1 R4 worse
. rd
0 1 Il 1 I
0 0.2 0.4 0.6 0.8 1

FPR or (1 - specificity)
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'ROC — AUC, Gini

AUC (area under curve, neboli plocha pod ROC krivkou) je
rovna pravdeépodobnosti, ze dany model ohodnoti nahodné
vybraného dobrého klienta vysSSim skore nez nahodné
vybraného Spatneho klienta. Da se ukazat, ze plocha pod ROC

krivkou se da vyjadrit pomoci , které testuje
rozdil median{l mezi dvéma skupinami spojitych skére. AUC se
da vyjadrit i pomoci pOMoCi vzorce

Gini + 1 = 2XAUC
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/

X/

Dalsi evaluacni grafy

Boxplot

Histogram

—
|

T
o 0
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/\Il \V4 Y 4
Dalsi evaluacni grafy

PD - absolutné PD - kumulativné

05 T T 7] 0.08 ! ! ‘
L : : - SC2 |
0.45 FE 0.07 -
04r m
0.06 -
035+ T
= 5 0.05-
=] [v]
£ o3 . h
S o
3 i
a— [=]
2 025} . 0047
z z
e ©
© Kol
g 02r- 7 O 0.03+
o o
o
0.02+
01+ T
0.01
005 7
0 L | L | 1 1 | L |
0 | i 1 1 1 0 10 20 30 40 50 60 70 80 90 100
0 10 20 30 40 50 60 70 80 80 100 Score (relative) - the higher the better

Score (relative) - the higher the better
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Dalsi evaluacni grafy
_ CAP (Lift chart):

Pe V tomto pfipadé mame na x-ové ose
| proporci vSech klienta (F,;;) a na y-vé
ose proporci Spatnych klient (Fy,p).
Idealni model je tentokrat
reprezentovan lomenou carou z bodu
lo, o] pres [pB, 1] do bodu [1, 1].
Vyhoda tohoto obrazku je ta, ze je
mozné odecist proporci zamitnutych
Spatnych klienta vs. celkova proporce
zamitnutych klient. Napf. vidime, Ze

1

09}

0.8

0.7

06

05

FBAD

0.4

03F

02F

01

0

I I I I I I I I I
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 09 1

Fal pokud chceme zamitnout 70%
AR (Accuracy Ratio) Spatnych klientli, musime zamitat
R Plocha mezi CAP a diagonalou piiblizné 40% vSech Zadateld.

~ Plocha mezi CAP idealniho modelu a diagonalou

Plocha mezi CAP a diagonalou -
= = Gini
0-5(1' pB) >82
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Postupy evaluace

» evaluace na ucicich datech

Evaluace na ucicich datech pouzitych k uc¢icimu procesu neni
ke zjisténi kvality modelu vhodnda a ma nizkou vypovidaci
schopnost, protoze ¢asto mtze dojit k preuceni modelu. Odhad
predik¢ni kvality modelu na wucicich datech se nazyva
resubstitu¢ni nebo interni odhad. Odhady ukazateld kvality
modeltt provedenych na ucicich datech jsou nadhodnocené,
proto se misto nich pouzivaji testovaci data, ktera se v ramci
pripravy dat pro tyto ucely vycleni.
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Postupy evaluace

» evaluace na testovacich datech

Evaluace na testovacich datech jiz ma patficnou vypovidaci
schopnost, jelikoZ tato data nebyla pouzita k sestaveni modelu.
Na testovaci data jsou kladeny urcité pozadavky. Soubor
testovacich dat by mél obsahovat dostatecné mnozstvi dat a meél
by reprezentovat ¢i vystihovat charakteristiky ucicich dat.
Empiricky doporuc¢eny pomér ucicich a testovacich dat je 75%,
resp. 25% pripadQ. Zajisténi patficné reprezentativnosti je
realizovano pomoci ndhodného stratifikovaného vybéru.
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Postupy evaluace

» kiizové ovérovani (cross-validation)
V ptipadé nedostate¢ného poctu pozorovani, kdy rozdéleni datového souboru na ucici a testovaci data
za UCelem vyhodnoceni modelu neni mozné, je vhodné pouzit metodu kiizového ovéfovani. Vyhodou
této metody na rozdil od déleni datového souboru je, zZe kazdy ptipad z dat je pouzit k sestaveni modelu
a kazdy pripad je alespori jednou pouzit k testovani. Postup je nasledujici:
* Soubor dat je ndhodné rozdélen do n disjunktnich podmnozin tak, Ze kazda podmnozina
obsahuje priblizné stejny pocet zaznamt. Vybéry jsou stratifikovany podle tfid (prislusnosti k
urcité tridé), aby bylo zajisténo, Ze podily jednotlivych tfid podmnozin jsou zhruba stejné jako v
celém souboru.
» Z téchto n disjunktnich podmnozin se vy¢leni n-1 podmnozin pro sestaveni modelu (konstrukéni
podmnozina) a zbyvajici podmnozina (valida¢ni podmnozina) je pouzita k jeho vyhodnoceni.
Model je tedy evaluovan na podmnoziné dat, ze kterych nebyl sestaven a na této mnoziné dat je
odhadovana jeho predikcni kvalita.
* Cely postup se zopakuje n-krat a dil¢i odhady ukazatelt kvality se zpramérnuji. Velikost valida¢ni
podmnoziny lze pfiblizné stanovit jako pomér poctu piipadt ku poc¢tu valida¢nich podmnozin.
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Postupy evaluace

» bootstrap metoda

Metoda bootstrap zkouma charakteristiky jednotlivych resamplovanych vzorkd, které byly porizeny z
empirického vybéru. Pokud plvodni vybér osahuje m prvkd, tak kazdy ma nadéji objevit se v
resamplovaném vyberu. Pri iplném resamplovani o velikosti vzorku 7 jsou uvazovany vsechny mozné
vybéry a existuje tedy m ” moznych vybérl. Uplné resamplovani je teoreticky proveditelné, ale
vyzadalo by si mnoho casu. Alternativou je simulace Monte Carlo, pomoci niz se aproximuje Uplné
resamplovani tak, ze se provede B nahodnych vybérl (obvykle se voli 500 — 10000 vybérd) s tim, ze
kazdy prvek je vzdy nahrazen (vracen zpét do osudi). Jsou-li dana data X={X1, ..., Xn) a je-li
pozadovan odhad parametru 8, provede se z plvodnich dat B vybér{ a pro kazdy vybér je spocitan
odhad parametru 8 . Bootstrap odhad parametru je urcen jako préimér dil¢ich odhadd. V pripadé
evaluace modeld bude parametrem & zvoleny ukazatel predikéni kvality.

» jackknife

Tato metoda je zaloZzena na sekvencni strategii odebirani a vraceni prvkd do vybéru o velikosti n. Pro
datovy soubor, ktery obsahuje n prvkll, procedura generuje n vzorkd s poctem prvkl n-1. Pro kazdy
zmenseny vybér o velikosti 71 je odhadnuta hodnota parametru. Dil¢i odhady se nasledné
zprliméruji podobné jako u metody bootstrap.
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10. Cutoff, RAROA, Monitoring

cutoff
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Mozné zamitaci skaly — cutoff

» cutoff hodnota urcuje mez, pii které je Zadost o uvér
schvalena/zamitnuta

> Je mozné pouzit tyto zamitaci skaly:

> PD - Pravdépodobnost Defaultu (Probability of

Default)
» KRN - Kreditni Rizikové Naklady (CRE - Credit Risk

Expenses)

» Marze (Margin)
> RAROA

> ...
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cutoff

pravdépodobnosti defaultu vétsi nez 10 %)

Cut off

0.1

\/

Cutoff na skale PD

(tj. zamitam vSechny s

Probability of Default

SC1

1 | ‘ |
10 2 0 90 100

30 40 50 60 70
Score (relative) - the higher the bhetter

—— SC2 1

* Pro SC1 je
reject rate 22 %.
* Pro SC2 je
reject rate 33 %.
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Strategicka krivka (Strategy curve)

0.07

Bad acceptance rate = p, (1 —-F (S‘B)) 0.06
S:__ 0.05
Acceptance rate =1— F(s) = 004 i
;' 0.03 —— perfect information
Actual bad rate = P (1 — F(S‘B)) %- o
1—-F(s) 0.01
R

S &> D VA B ~
7 o oY o o O \\3‘& oF

7

1-F(s)
Ps
Pii zavadéni nové scoringové funkce typicky dochazi k tomu, Ze stavajici nastaveni
schvalovaciho procesu (nastaveni cutoff) je reprezentovano bodem O , ktery lezi nad novou
strategickou kiivkou. Otazkou pak je smér, kterym se chceme vydat pti stanoveni nového cutoff.
Pokud se posuneme do bodu A, potom zachovame pomeér schvalenych $patnych klientd, ale
soucasné zvysSime celkovy pomér schvalenych klientti. Pfi posunu do bodu B schvalime stejny
pomeér klient(i, ale snizime pomér schvalenych $patnych klienti a tedy i pomér Spatnych klientt
(bad rate). Posunem do bodu C zachovame bad rate pii soucasném zvySeni poméru schvalenych

klientti.
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Nastaveni cutoff maximalizujici zisk (profit)

Profit - ndhodna veli¢ina definovana jako:

-

0, je — i ivér zamitnut

R=< L, je—liuvérschvalen a stane se dobrym

|— D, je —li avér schvalen a stane se Spatnym

Ozna¢me p. a pg proporci dobrych a $patnych klient v populaci. g(G|s) (g(B|s)) oznac¢uje podminénou
pravdépodobnost, ze klient majici skore s bude dobry ($patny), pticemz q(G|s) + q(B|s) = 1. Necht p(s) je
proporce populace se skore s.

Stfedni hodnota profitu pti schvaleni klient se skore s:
E{R|s} = Lg(G]s) — D(1 — q(G]s)) = (L + D)q(G|s) — D

Tedy k maximalizaci profitu je tfeba schvalit ty klienty, jejichz skore
splituje podminku:
q(Gls) = 557
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Nastaveni cutoff maximalizujici profit

Necht A oznacuje mnozinu skore, kde je splnéna predchozi
podminka. Pak je stfedni hodnota zisku (profitu) na jednoho
klienta dana vztahem:

E*{R} =Y (L + D)q(Gls) — D)p(s).

SEA

Pokud L a D navic zavisi na skore s, je situace jesté o néco

Vewv/

slozitéjsi. Vice viz Thomas et al. (2002).
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Nastaveni cutoff maximalizujici profit

RN
08 ——-005

<
0.7 o

oo
0.6 0%

0.5
Yo

0.4 \ro
0.3

0.2 \ >

0.1 609

0 S oooooooggggggoooooo

0 01 0.2 0.3 04 0.5 0.6

E (profits)

E (losses)

Body na spodni casti kiivky odpovidaji vy$sim cutoff hodnotam, a tedy i mensimu poctu pfijatych $patnych
klientd, zatimco body na horni ¢asti kiivky odpovidaji mensim hodnotam cutoff, tj. vy$§imu poctu ptijatych
Spatnych klientt. Efektivni hranici je tedy spodni cast kiivky od bodu C do bodu D.

Jestlize aktudlni nastaveni schvalovaciho procesu odpovida bodu O, opét mame moznost posunu na kiivku
odpovidajici nové scoringové funkci. Prvni moznosti je zachovani poméru schvalenych $patnych klientd, tj.
posun do bodu A. Druhou moznosti je zachovani celkového poméru schvalenych klientd, tj. posun do bodu
B. Je zfejmé, Ze posun do bodu A neni vhodna volba, protoze tento bod neleZi na efektivni hranici a lze
snadno dosahnout stejného ocekavaného zisku pfi nizsi ocekavané ztrate.
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Definice KRN (CRE)

Cislo defaultni splatky (pravdépodobnost (PD))

1 (.06) 2 (.02) 3(02)  4(.02) 5 (.02) 6 (.02) 7(02)  8(.02) 9 (.02) 10 (.03)

_I Pravdépodobnost defaultu silné zavisi na
I scormgové funkci

CRE = ((1-Recovery) * SUM(PD * Loss))/(Expected Average Volume)

walqo fuaplng

Profit = (Interest rate — CRE)*Expected Average Volume

—r—

Urokova mira Ocekavany primérny objem Uvéru 594



Recovery (=L

X/

ate collection(LC))

w v nu nu nu v u nu nu nu u u
T T T T T T T T T T T T
B W NPEFE DS WOWNREDONPRP

Y score
Cislo
defaultni
splatky odhad
bandl | band2 band3 | band4
1. 20% 25% 30% 35%
2.-4. 50% 55% 60% 65%
5.+ 75% 80% 85% 90%
— .
e R
0% W T
0% M //A\_\///—/’Zy’\;
5% / MK/\*
0% / / e
0% :‘// ’/-/ -
I

LLLLLLLLL
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le KRN

ska

Cutoff na

7%

a9npoId NYM

+ 5%
+ 4%
+ 3%
+ 2%
+ 1%
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120%

%ErC
%081
xﬂs %G'ST
J fwser
%9°ZT
%G'TT
9%9°0T
%6°6
%E'6
%L'8
%T'8
%G,
%I,
%S9
%09
%a'S
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%8'
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%e'
%0
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%b'T
%e'T
%0'T
%60
%L0

7 %

. droven zamitani
pocet smluv
pocet zamitnutych na TK
pUvodni Uroven zamitani
kumulatini KRN

—— KRN ptvodni

1 %S0

100%
80%
60%
40%
20%
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ANjWS YoAnuyjwez o,

KRN
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Cutoff na skale KRN

é ™
60% ; 5,1%
: I
1
" —
55% : . 5,0%
. f
1
1
50% I . 4,9%
1
|
459, -—| EEEE drovef zamitani ; : 4,8%
—— puvodni Uroven zamitanif ! / I
|
3 —— KRN pivodni P—— I
2 40% prvoch : . 4,7%
S —— kumulativni KRN | | §
g ' ' g
£ 35% } 4,6% Q2
E / ! =
E ! 74
S 30% L 4,5% <
=3 nastaveni cut off pfi nastaveni cut off pri !
zachovani Grovné zachovani urovn? KRN |
25% Zzamitani - 18% - 15,1% zamitnutych 1 4.4%
zamitnutych smiuv smiuv :
1
20% I 4,3%
1
15% - 4,2%
10% 4,1%
\©
N
KIS
- J
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\/
(Ocekavana) Marze

(O¢ekavana) Marze = Urokova mira (v¢. poplatkil) - KRN -
OPEX

J  Urokovd mira

»  Efektivni mira idedlniho finanéniho toku (-vyse uvéru-poplatky; anuita; anuita; ... ;

anuita).
J KRN
»  Vizvyse.
J OPEX

»  Cena peneéz.
»  Rezijni ndklady, variabilni ndklady, podpora prodejni sité.
»  Ndklady na administrdtory - vlastni zaméstnance zajistujici zpracovdni tveru.

598



Marze (Margin)

> Optimalni cutoff: marze=0

100%

80%

60%

40%

20%
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RAROA
(Risk Adjusted Return On Assets)

Prob. of default R 02 A2 A2 A2 A2 02 02 02
(based on scoring)

recoOveries 20 S0 S0 S0
—_ =
=
3 EXPECTED INCOME — EXPECTED LOSS
o
- N\
]
LT
5’__-
% r
No. ol payment 1 2 3 4 5 ] 7 8 9 TOTAL

RAROA=(EXPECTED INCOME - EXPECTED LOSS)/BORROWED VOLUME
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RAROA

t...pofadi splatky tveru, 0 je okamzik poskyvtnuti vvérn
T ... pocet splitek

x(t)... nesplaceni édist nvéru podle splitkového plinn v éase ¢, ...t =
0,....T.x(0) je vise averu, (1) = 0.

w(t) ... drokovd edst anuity t, t = 1,...,7T.

J(t)... eédst anuity odpovidajici splatee jistiny ¢, t = 1....,T.
k(t) ... komise od klienta v case ¢, t =0,....7T.

Ao wyse anuity (absolutné). A = wit) + j(t),t =1,....T.

p(t) ... pravdépodobnost 90 denniho defaultn 1ivern na splatee ¢, ¢ =
L....T

EZ ... ocekdvana ztrata z dvern
E FP ... ofcekiavany tirokovy prijem z 11vérnu

RC' ... absolutni vvse z dluzné éastky klienta 90 dni po splatnosti, ktera
je klientem splacena v budoucnu, prepocétena pres NPV k okamziku deva-
desatidenniho defaultu klienta

rit, f1... procento vytéznosti z dluzné edstky klienta, kterv je poprvé 90
dni po splatnosti na aplatee ¢ a klient ma hodnotu podvodnického skire
(nesplaceni prvni spliatky) f. Procento zohlednuje NPV wvaech budoucich
splatek klienta po okamziku defaultn.
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RAROA

GA ... hraby ocekavany zisk z klienta
& je sazba 1vérn p.a.
i... cena zdroji vyvijadirena v procentu p.a.

o ... komise z obchodn poskytnuta obehodnimm partnerovi vvjadrena jako
procento #z jistiny

NM; ... cisty ocekiavany zisk tvpu I z klienta po odeéteni ceny zdrojn
NMpr ... ¢istv ocekavany zisk z klienta tvpu II po odeéteni cenv zdrojn
a komisi z obchodu. ™"

ROA .. ukazatel Return on Asset pocitaného z hrubého zisku

ROAr ... ukazatel Return on Asset tvpu I poéitany z éistého ziska tvpu
1

ROArr ... ukazatel Return on Asset tvpu Il poéitany z ¢istého ziskn tvpu
11

KRN je drokova mira p.a. vyjadinjici rizikovost (ivérn.
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RAROA

N
EZ = Zp[?-] cx(t—1).

t=1
T t
EP=I¢{D'J—|—Z(1— p{s}) (w(t) + k(t)).
t=1 a=1

GM=EFP-EZ + RC.

T
RC:Ejﬂnwﬁjyxu—u
t=1
T i i
NM;=GM —»" (1 — ZP[SJ) o 2t —1).
t=1 e=1
;ﬂ"i"_nlfff = ;ﬂ"i"_';lllff — - ILD]
roa =M
x(0)
rOA, = YM1
J.'Il|_|f,l
ROApr = - UH _
i)

T t
%'E (1— p(s)) x(t—1)= EZ — RC.
t=1 a=1

Sin (1= o pls)) u(t)
it —1) = .

s/12

EZ — RC
EP

T ¢
> (1 - p(s)
a=1

t=1

KRN =

7]
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Vyhody RAROA

Case A Case B
Ideal flow | Expected flow | Ideal flow | Expected flow — 0
-1000 -1000 -1000 -1000 KRN(A) - 440A)
1 200 200 150 110 _
2 400 180 150 100 KRN(B) = 20%
3 400 170 150 90 cutoff na skale KRN preferuje B
4 400 160 150 80
5 150 70 y
6 150 60 Marze (A) = -22%
7 150 50 y
5 150 40 Marze (B) = -10%
10 150 16 cutoff na skale marze preferuje B
12 150 0
A - kratkodoby Gvé kym rizikem fraud ROA (A) =-0.29
— kratkodoby uvér s vysokym rizikem fraudu RAROA (B) = -0.36

* B - dlouhodoby uvér s vysokym rizikem defaultu

Urokova mira (A) = 22%
Urokova mira (B) = 10%

cutoff na skdle RAROA preferuje A

Uvér A je lepsi, protoze z né&j plyne vyssi
zisk (710>656), navic je ho dosaZeno
mnohem diive.
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Cutoff segmentace

J Moznd segmentace podle:
» Prodejni sit (skupina obchodnich mist)
» Profitabilita produktu
» Kvalita prodejniho mista
» Typ zbozi (pro spotiebitelské tivéry)
» Vyse uvéru
> ...
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Cutoff scénare

All credits Approved credits
scenario Reject rate Axg. margin Ay, KRN
Credits | Wolume | Credits | Wolume
Oreject 00%| 0.00%| -7.83%|-21.34%| 30.70%

22.4% | 24.74%| -3.97%| -15.72%| 26.33%
36.8%| 46.79%| 2.32%| -4.58%| 19.11%
295%| 37.07%| 3.18%| -3.36%| 19.78%
30.3%| 38.55%| 4.11%| -1.29%| 19.26%
31.5%| 39.99%| 4.63%| 077%| 18.96%
35.8%| 46.01%| 7.32%| 3.22%| 16.07%
38.9%| 48.97%| 8.17%| 3.41%| 15.19%
59.3%| 70.03%| 19.39%| 17.14%| 13.47%
50.9%| 63.64%| 19.24%| 17.03%| 14.23%

All credits Approved credits
scenario Feject rate Ax. margin A KRN
Credits | VYolume | Credits | Wolume

Oreject 00%| 0.00%| -4.19%| -16.40%| 26.19%
9.0%| 10.25%| -2.39%| -13.71%| 24.50%
24.5%| 34.89%| 3.26%| -3.42%| 17.99%
16.5%| 23.87%| 4.07%| -2.34%| 18.60%
17.3%| 25.42%| 4.85%| 059%| 1819%
18.6%| 27.16%| 5.36%| -0.03%| 17.87%
23.2%| 33.80%| T7.74%| 3.52%| 15.34%
26.7%| 37.35%| 861%| 3.88%| 14.45%
50.7%| 62.90%| 19.53%| 17.26%| 13.05%
47.5%| 60.46%| 19.48%| 17.23%| 13.26%
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scorecard.

utoff impact evaluation

Evaluation of Reject rate, Profitability, Default and Loss rates before and
after cutoff change according to Distribution channel or Segment of

Cutoff impact evaluation table

Before Christmas (approved credits)

After Christmas (approved credits)

Rfa{te;t RAROA Loss rate Profit (per year) Reject rate  RAROA Loss rate Profit (per year)
Segment 1 24.7% 3.65% 11.33% 414 363 110 24.3% 3.75% 11.19% 428 757 430
Segment 2 12.1% 4.01% 8.22% 160 364 072 12.9% 3.95% 8.29% 159 917 943
Segment 3 45.1% 9.64% 9.69% 747 636 468 45.1% 9.8% 9.5% 758 966 512
Segment 4 22.2% 5.80% 4.89% 52 213 720 20.1% 5.62% 5.05% 51 715 263
Segment 5 20.9% 6.77% 5.41% 54 312 614 19.7% 6.61% 5.48% 53 975 903
Segment 6 33.4% 7.04% 7.22% 212 090 365 32.6% 7.04% 7.16% 211684 371
Segment 7 49.3% 9.30% 8.93% 36 840 287 49.2% 9.4% 8.8% 37140 165
Segment 8 19.3% 4.68% 2.96% 15 668 962 14.9% 4.54% 3.16% 15 636 910
Segment 9 32.0% 8.41% 5.06% 3679 430 27.2% 7.97% 5.26% 3535 809
Segment 10 33.4% 7.14% 6.69% 1823 050 341 33.4% 7.2% 6.6% 1 832 986 599
Segment 11 28.5% 6.34% 7.36% 2633609 071 28.6% 6.47% 7.24% 2 651 352 740
ALL 32.6% 6.64% 8.37% 6 153 828 440 32.6% 6.96% 8.17% 6 205 669 645
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Cutoff sensitivity analysis

Profitability, Default and Loss rates according to reject rate into one graph

Characteristics of approved credits according to reject

rate

25%

20%

8 000 000 000
+ 7 000 000 000

/

+ 6 000 000 000

15% +— /

10%

+ 5 000 000 000

5%

4 000 000 000
- 3 000 000 000

0%
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Reject rate

Profit (per year) RAROI Loss rate

+ 2 000 000 000
1 000 000 000

Decision
Reasoning, why the final cutoffs were chosen
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Monitoring

Vyv. vzorek [1] |tydend 121 |[31=12] -[1] [I41=[211] |GI=InI4] [[61=131[5]
skore_1 10,00% 5,63% -0,044 0,563 -0,574 0,025
skore_2 10,00% 11,21% 0,012 1,121 0,114 0,001
skore_3 10,00% 11,00% 0,010 1,100 0,095 0,001
skore_4 10,00% 10,97% 0,010 1,097 0,092 0,001
skore_5 10,00% 10,31% 0,003 1,031 0,031 0,000
skore_6 10,00% 10,12% 0,001 1,012 0,012 0,000
skore_7 10,01% 9,62% -0,004 0,961 -0,039 0,000
skore_8 10,00% 9,89% -0,001 0,989 -0,011 0,000
skoére_9 10,00% 10,31% 0,003 1,031 0,030 0,000
skore_10 10,00% 10,94% 0,009 1,095 0,091 0,001
PSI 0,030
Stabilita SF tydny
0,7
06 \¥
°° \
04 — Gini
0,3 —KS
02
01
0 ; ; ; ; ; ; ; ; ;
Vzorek 2006- 2006- 2006- 2006- 2006- 2006- 2006- 2006- 2006- 2006-
13 14 15 16 17 18 19 20 21 22
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Monitoring scoringovych modelu

J Neni prekvapivé, ze prediktivni modely se ve statistickém slova smyslu chovaji
nejlépe na vyvojovém vzorku dat. Vystupy téchto modeld, napft. skore nebo rating
klienta, jsou pocitany pomoci jistych vzorct, jejichz koeficienty ptislusejici
nezdvislym proménnym (prediktortim) jsou odvozeny na datech vyvojového
vstupnich hodnot modeluy, tj. prediktorti, v priibéhu casu. V podstaté ihned
(alesponi vétsinou) po nasazeni prediktivniho modelu do praxe dochazi k jistému
poklesu jeho prediktivni sily, ktery je zptisoben ur¢itou zménou vstupnich hodnot
modelu. Zasadni je v praxi nastaveni takovych procesti, které odhali, Ze se tak
déje, proc se tak déje a jak vazny problém to ve svych diasledcich znamena.
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Monitoring scoringovych modelu

J Faktort zptisobujicich posun v distribuci prediktord, a
nasledné posun v distribuci vystupu prediktivniho modelu,
je nékolik:

» Prirozeny posun v datech/zména demografické struktury dat
»Databazové chyby

»Zména datového zdroje

»7Zména definice/formatu vstupnich dat

»Zmeéna datového univerza

» Ostatni
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Monitoring scoringovych modelu

J Typickym ptrikladem prvniho uvedeného dtvodu je pfijem
klienta (vSeobecnym trendem je rast pfijmu populace). Zménou
definice/formatu vstupnich dat je myslena naptiklad situace, kdy je
rozsiten Ciselnik hodnot, kterych mtize vstupni proménna nabyvat.
Zménou datového univerza je myslen pifipad kdy je vyvinuty
prediktivni model pouzit napft. pro odliSny/novy segment portfolia
nebo odliSny/novy produkt.
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K-S, Gini:

\/

Monitoring scoringovych modelu

4 B ] )
Stabilita SF -tydny
0,7
0,6 \\
0’5 ¥;
0.4 —— — — Gini
0'3 K'S
0,2
0,1
0 T T T T T T T T T T
Vzorek 2006- 2006- 2006- 2006- 2006- 2006- 2006- 2006- 2006- 2006-
13 14 15 16 17 18 19 20 21 22
- J
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Monitoring scoringovych modelu

4 ™
Zavislost defaultu na Skore

40%

= = r'vzorek
— 2006-13
2006-14
2006-15
2006-16
2006-17
2006-18
2006-19
2006-20
2006-21
— 2006-22

35% -~

30% A

25% -~

20% A

15% o

10% o

5% +

0%

> Cim strméjsi kiivka tim lépe.
» V priibéhu casu se zplostuje - jde o to, jak moc.
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Monitoring scoringovych modelu

) c-statistika:

Rating (pst. Defaultu naGODPS do 12 més.)

100.00% r18.00%
50.00% | 17.50%
T0.00%
H17.00% KRN
50.00% [ 16.50% 100.00% 0.55
40.00% s oom | 9000% 1 i i\ i
30.00% - - - - 50.00% - <] — L 0.54
20.00% 1 15.50% 70.00% /, el
10.00% B0.00% - Ve L 053
0.00% +—= - - - - - 15.00% | oo g
Wy fuzo ek 204 AN o OS5 OS5
40.00% L .52
O hBOT (6% I KB (9% C—1hBO9 {11%) 30.00% 4 l l
C—OhB10{13.5%) N hB11 (16.25%) COwB12 (18.75%) 20.00% + r 0.4t
. 0 COT (21, 258%) COhCO2 (25%) I NCO3 0% 10.00% -
E hC0d (34%) —r—adhad primér. pst. defaultu 0.00% T - T - - 0.5
v wojvzorek 04 W04 04 k05 I-05
KRN (1%) BB KRND (4%) [COIKRN3 (9%) CIKRN4 (13.5%)
RS (16.5%) == KRN (20%) S KRNT (24%)  —b— C-statistika

615



Monitoring scoringovych modelu

J Chceme posoudit zda se distribuce skére na
vyvojovém vzorku lisSi od distribuce skore v daném
casovém intervalu:

2 - (Oi_Ei)2
¢ 1 E

l

PSI =) (O, - El.)]n(%j
i=1 i
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Monitoring scoringovych modelu

— =

//

/

vyv. vzorek [1] |tyden [2] |[31=[2] -11] [1Z1=[2V/[1] 1[51=In[4] [[6]=[3]"[5]

skoére_1 10,00% 5,63% -0,044 0,563 | -0,574 | 0,025
skore_2 10,00% 11,21% 0,012 1,121 0,114 | 0,001
skore_3 10,00% 11,00% 0,010 1,100 0,095 | 0,001
skore_4 10,00% 10,97% 0,010 1,097 0,092 | 0,001
skoére_5 10,00% 10,31% 0,003 1,031 0,031 | 0,000
skore_6 10,00% 10,12% 0,001 1,012 0,012 | 0,000
skore 7 10,01% 9,62% -0,004 0,961 | -0,039 | 0,000
skore_8 10,00% 9,89% -0,001 0,989 | -0,011 | 0,000
skore_9 10,00% 10,31% 0,003 1,031 0,030 | 0,000
skore_10 10,00% 10,94% 0,009 1,095 0,091 | 0,001

PS 0,030
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Monitoring scoringovych modelu

- znadi zadny nebo jen velmi maly rozdil danych distribuci skore.

0.1 < PSI < 0,25 znamend, Ze doslo k néjakému posunu distribuce, nicméné
nikterak vyznamnému.

signalizuje vyznamny posun v distribuci skore, tj. zamitame
_ hypotézu o shodé danych distribuci.
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Monitoring scoringovych modelu

o 7/
o~ N\ 77
0:03 N\v—%/ /
0,02 /

0,02

0,01

0,01

0,00

2006-13 2006-14 2006-15 2006-16 2006-17 2006-18 2006-19 2006-20 2006-21 2006-22

m— PG| = chij-kvadrat
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/I\/Ionitoring scoringovych modelu

PSI Er DR2. — DR1.) I —DRZ‘
DR — ( i i) n

— DRL

def_rate Gini PSI_DR PSI chi-kvardat

vzorek 7,69% 0,643
200613 9,38% 0,564 0,120 0,030 0,024
200614 9,35% 0,542 0,131 0,034 0,027
200615 8,70% 0,537 0,093 0,032 0,025
200616 8,57% 0,523 0,089 0,033 0,026
200617 8,59% 0,540 0,071 0,030 0,025
200618 9,19% 0,544 0,111 0,030 0,024
200619 8,03% 0,558 0,063 0,034 0,026
200620 8,52% 0,552 0,055 0,023 0,019
200621 8,05% 0,555 0,043 0,027 0,022
200622 7,76% 0,539 0,039 0,045 0,034
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Monitoring scoringovych modelu

0,14

0,12

0,10

0,08

0,06

0,04

0,02

0,00

- -

Vzorek 2006- 2006- 2006- 2006- 2006- 2006- 2006- 2006- 2006- 2006-
13 14 15 16 17 18 19 20 21 22
— = =Def. rate PSI_ DR PS| = = = :chi-kvadrat = = Gini

0,70

- 0,65

- 0,60

- 0,55

- 0,50

- 0,45

0,40

Gini
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. Champion-challenger
(mistr — vyzyvatel)

J K rozsifeni vyuZiti strategie champion-challenger doslo v devadesatych
letech minulého stoleti. Princip je velmi jednoduchy. Predpokladejme, zZe
existuje néjaky zptsob délani néceho (napf. aktudlné pouzivany
scoringovy model pro schvalovani/zamitani zadosti o avér). Tento zptisob
nazveme mistrem (champion). Nicméné existuji dalsi, jeden nebo vice,
alternativni zptsoby jak dosdhnout téhoz (nebo velmi podobného) cile.
Tyto nazveme vyzyvateli (challengers). Na nahodném vzorku otestujeme
vyzyvatele a porovndme s mistrem. To ndam umozni nejen porovnat
efektivhost vyzyvatelt a mistra, ale ziskdme moznost identifikovat
existenci a rozsah vedlejsich efekti. Vysledkem pak mtize byt zjiSténi, ze
néktery z vyzyvatell je lepsi neZ mistr a tento vyzyvatel se stane novym
mistrem.
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