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1. Uvod do SAS EG

[& SAS Enterprise Guide - e101a01.egp

Ele  Edt  Yisw Tasks  Program  Tooks

Project Tree - x

telp | B - T L ot B3 (8 X | 19 04 |7 | BegProcess Flow ~

Process Flow +

E-Beg Process Flow
= £ ORION_PROFIT
Froduct Frequencies
Profit by Category Pie Chart
Profit by Countm/4geGraup Repart
Create Format ($CntiyFrt - Local)
= Link to Create Diian_Profit
=[] Programs
[#] Create Drion_Profi

El stom Fleports
Report
Task List - X
GG E®
[ Tasks by Category -
Data ~

#3 Fiter and Sort W
By Query Builder

% tppend Table

Aud Create Imparted Format

Sont Data

% Create Format ~
< >

Export v Schedule v | Zoom ~ | [53 Project Log

Properties -

Create
Fomat [$...

A

Create ORION_PRO
Orion_Pra,

Praduct
Frequenci...

Pofit by
Counly/

@
o=
5AS Report
~Fraduc

=

RTF
Product F...

= Rt 23
-,
EH =

545 Repart
~Frofit...

©- g

Pofit by
Calegory ..

N

Program
Descripti...

545 Repart
~Frofit...

Ready

%

1o connection

S

Data

Statistics
Basic
Percentiles
Additional

Propetties

Data source:  5:\workshophcustomers. sas7hdat
Taskfiterr  Nore

Variables ta assign:

Task roles:

Name
) Customer_ID

i Customer_County
/i Customer_Giender
i Customer_Name

/i Customer_FirstName
A Customer_LastName
5] Customer_BirthDate
b Customer_Age_Group
b Customer_Type

A Customer_Graup

2 Customer_Age

Anlysis variables
@@ Customer_tge
Classification variables

Frequency count [Limit: 1]
Relative weight [Limit 1)

@ 45 Copy variables

Group analysis by

Edit

Class level Customer_Type

Unformatted values v

Sort order.

Missing values:

@
g
g

[ llow multidabel formats

[X)

The wrariables that you assign to this role are character or discrete numeiic variables that are used to divide the input
data into categories o subgroups. The statistics wil be caloulated on all selected analpsis variables for each unique

combination of classification variables.

fun <] [ sae [

Cancel | [ Help




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

pri
0]

Product_Category




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;
14




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 Igg:

then output work.nonclub;

else output work.clubmembers;

run;

proc print data=work.nonclub; PROC
title "Non Club Members"; Step
var Country Gender Customer Name;

run;

ep02d01.sas



PROC PRINT Output

Jsas. | 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




Saving 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 -
IJ:”}u |§ Dpen b
f Zlose Projeck
ep02d01 CLUBMEMBE.. @ save ropect S
Save Projeck As, .,
Save ep0zdol Ckrl+5hift+5
Save ep0z2d0l As.,.. %

10



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 ]




How Do You Include Data in a Project?

Selecting File =
Open = Data
adds a shortcut
to a SAS data
source in the
project.

€& SAS Enterprise Guide

File Edit Wiy Tasks Praogram Tools Help |‘§| - |§" ‘%
= New » L_

4 || &Y Project kO

Process Flow -

Cpen

Zlose Project

|
=
% Save Project

Save Project As. .. File

€& SAS Enterprise Guide

Edit “Wiew  Tasks Program  Tools

=l Project Tree - M

= gﬂeg Process Flow

Ef:_rﬂI arder_item

order_ikem




Assigning 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

Toals | Help |‘§I" ﬁ-' ‘% 5 ¥

U 0 K| oM | T | BegProcess Flow v

Projeck Tree

= gQg Process Flow
=7 Programs

epd2dOn
epd2d0z2

Add-In
i_j Create HTML Dacument. ..
:1 Skyle Manager

E Assign Project Library. ..

\

Project Maintenance...

Options

[

= | Zoom = | [5&Project Log | /] Properties -

e

HTHL -
ep0z2dll

13



Browsing 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

14



Applying Formats

Display formats can be applied in a SAS Enterprise Guide

task or query by modifying the properties of a variable.

Tazk rales:

G List variables
@ Employes_|D
A First_Mame
@ Lazt_Mame

&% Hire_Datog
{izh Bonus

@ Compens

] {izh Bonusta

4 Group analysi |+

4 Page by [Lim

Rermaove From Rale

Sort Columnis

Showe Marmes

Showy Labels

] | Tatal of
4 Subtotal of (L

Properties "

4 |dentifving label

hg

Formats

Categories: Formats:

Hone kMDD S d
Mumeric FD D . d
Time

Date/Time

Currency

Uzer Defined

Al

Attributes
Owerall width:

-
-
-
-

Decimal places:

D ezcription
date values

Example
Walue: 14245 [07.Jan1339)
Output: N EOBEEE

Min: 2  Max: 10
bin: 0 Max: 7

| ok

] [ Cancel

15



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...

() (&) ) (¢

[




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.PRODUCT_LIST

Data
Options
Results

Properties Data source:  Local:ORION.PRODUCT_LIST y
T ask filter: Hone _

Caolurins ko aszign: Tazk rales: Product_IDr sort arder:
MHame @ Sort by Azcending I

@ Product 1D - @ Product_ID

A Product_Mame W Colurmns to be dropped (Limit: 4
@ Supplier_ID

@ Product_Lewvel
iz Product_Ref_ID

r

4E Sort Data for Local;: ORION.PRODUCT _LIST

Data

_ Hesults
Optiong
Rezultz
Properties Location o sawe output data

Local*wWORK.SORT_PRODUCT




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.

T
2E =0f 2E
CUSTOMER Female F_Germany Lizt Drata HTHL -

German Cu... Lizt Drata

Female Customers in Germany

Customer Customer First CustomerLast Customer Birth

Country Name Name Date
DE Cornelia Erahl Z7FEE1274
DE Elke Wallstab 16AUE19274

DE Ines Del=sser 20JUL19A9




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.

E- -0 e

41 RUH: QUIT:

CUSTOMER Lizt D ata HTML -
Lizt D ata
Z27=EPROC PRIHT DATA=WORE.3ORTTempTablelorted
28 NOOEBES
29 LAEEL
30
31
32f /7% Start 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 ——_——————
39 End of task code.
40 @ 0 ———

19



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.

20



List Data Task

& List Data for Local: ORION.CUSTOMER

Data

Optionz

Titles

Properties Data source;  Local:ORION.CUSTOMER
T azk filter: MHaone

Data

Gender zort arder:
MHame 4 Lizt variables Aszcending

Y ariables to azzign: T azk roles:

@ Custarmer_|D

£ Courntry
{3} Gender

£ Personal_ID

;:fj}. Custorner_Marme
£ Customer_Firsthl ame
£ Customer_LastM ame
[l Birth_D ate

£ Customer_Address
@ Street_[D

£ Country

é:,::-. Cuztamer_FirstM ame
é‘;., Custormer_Lasth ame
[E] Birth_Date

Y Group analysis by
o e

4y Page by [Limit: 1]

i@ Tatal of

& Subtotal of [Limit: 1]

4 |dentifying label

Sort by variables

£ Street_Mumber

@ come_ies Sl The Preview code button enables
you to view and modify the code
fossin one or generated by the task.

J |

21




List Data Task — Code Preview

Code Preview for Task

| Inzert Code...

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 ;

o
T TRT T T A ==l e ol AT D e frm DA TTITITTIRT A T [l ta=d=Fahuh N —_e R TTIT

< >




Using the List Data Task to Generate Code

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

Country
Ug
DE
Us

DE

Customer Customer First Customer Last Name Customer Birth

Name Date
Sandrina Stephano 0D3JULL1S79
Cornelia Krahl 27FEEB1374
Karen Ballinger lgocTlo84d
Elke Wallstak 18AUE1S74

Country
Us
us
DE

DE

James Kvarniqg
David Black
Markus Sepke
Ulrich Hevde

Customer Customer First Name CustomerlLastMName Customer Birth

Date
27JUN1974
1ZADR1969
21JULl1288

16JAN193Y

23




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




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)
QOIT=W0ORE . 20RTTempTalhleZorted
BY Gender:
BRUH ;

25



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:

26



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

27



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:?




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.

29



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 |‘§-nl T B* -% yi- [Fm [FE -~
Project Tree « 3 Process Flow -
= g?g Pracess Flow = Run - Export + Schedule = | Zoom -
= EEE CUSTOMER
=] List Dats Ee=m " ™
= ©pen C Open List Data
= Run List Data Open Last Submitted Code N |
] Modify List Data DOpen Log by
Process Flow -
L B Run = Export = Schedule ~ | Zoom - E;E-iject Log Properties -

open Lisk Daka

CUSTOMER List Diat HThAL -
E Cpen
[ Run
[+l Modify List Data

Open Last Submitted Code "

E

pen Log

3

0 HTML - List Daka

SRR

30



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.

31



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.

32



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.

33



Automatically 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

34



Automatically 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.:

35



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 %

il




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.

37



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... |

27=PROC PRINT DATE=HGRK.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

38



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;

39



Insert Custom Code in a Task

r

ar

[2%, v double-chick fo irsertf code>

<

User Code

change existing uzer code.

“

PROC S0L:
CREATE WIEW WwWORK.SORTTempT ableS arted

- BX]

Pozitiohs where uzer code may be inzerted are indicated by the icong. Double-click on a marked line to add uzer code

7
A5 SELECT Country, Customer_FirstM ame, Custormer_LastMame, Birth_Date FROM ORION. LGP PIER ;

GUIT:

TITLE:

TITLET "Report Listing"';
FOOTHOTE;

FOOTHOTET "Generated by the SAS System [&_SASSERVERMNAME, L5 Ch

FPROC PRINT DATA=wORK.SORT TempT ableS arted
OBS="How nurmber"
LABEL

=

Z0 < double-chck fo irserf codes

i ¢ double-click fo irserf code>

WaR Country Cusgtomer_FirstW ame Customer_Lazth o Birth_D ate

if «double-chick fo irserf code>

Clear all

o SFUMC[DATE(. ELY

In any of these

predefined
locations, you

can double-click
on a line to insert

¥

custom code.

]S

J

Cancel | |

Help

40



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=WORE.SORTTempT ableSarted
OB5="Row number"
LABEL

EIE

double-click fo mserf code>

double-chck fo mzerf code>

EIE

Insert options in
the PRINT statement.

WoaR Country Cuztormer_FirstM ame Cugtormer_LaztMame Birth_D ate

<doubfe-ciick fo imzerf code> e

(G5

double-chck fo mzerf code>

EIE

Insert options in
the VAR statement.
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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>




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.

[} vdouble-click fo inserf code>

i ¢double-click fo inserf code> RUIN;
2 «double-click fo inserf code>
FPROC PRIMT DATA=0RK.SORTTempT ableSort -
OBS="Fow number" End af task code.

=
LAREL RUN:QUIT:

[ vdouble-click fo inserf code>
- PROC SaL:
Locations fOI" % SASTASK_DROPDS[WORK.SORTTempT ableSorted):
QuIT;
global statements

or additional steps

TITLE: FOOTHOTE;

[ vdouble-click fo inserf code> v
< >

| Clearau ok || carcel || Hep |




Default SAS Enterprise Guide Footnote

Options

General

Froject Wiews
Froject Recowvery
Resultz

Feszultz General
Viewer Default title texyfar tazk o

585 Repaort

HTRL

RTF

FOF

Graph

Stored Process Generated by the SA5 Spstem [&_SASSERVERMAME, L5Y'SS5CPL) on ZTRIM[EQSYSFUMC
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.))
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ODS and SAS Enterprise Guide

Default result formats can be set under Tools = Options.

Options

General
Project Wiews
Project Becovery

Reszultz > Reszultz General

Frezults Reszult Formats
545 Report [CJHTHML []FOF
Wiewer
545 Report CIRTF [ Text output
HTML Default;
RTF
FDF kanaging Fesultz
Graph
Stared Process Feplace results: Prampt befare replacing L
D at
B aData 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

Cuztom Code

Cutput Library
545 Programs 3 v | MB
Security
Adrminiztration

Frompt before opening rezults larger than:

b4 &Rirnurn number of output data sets to add to the project:

50 %

w




ODS and SAS Enterprise Guide

Additional settings can be made for each result format.

Options

General Results > PDF
Project Views

Project Recovery

Results Appearance
Resultz General i
. Shyle:
Wiswer
5A5 Repart pritiker o
HT ML
= Columns: Colar
1 - &dd Bookmarks
Stored Process File Header
Data
D ata General Authar;
Performance
Query Femaords:
OLaP Data Subject;
Tasks
Tazks General Title:

Custom Code
Dutput Library
545 Programs

Security Advanced

Adrinistration Additional optionz for ODS PDF statement:




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

47



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.

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.

The task help
indicates the
procedure name
to search in the
SAS syntax
help.

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




rocedure Syntax Help

E? SAS Documentation

File

Edit View Go Help

o @ o« Q

Hide Locate Back Stop

Contentz | Index || Search | Favorites

=

NEEEEEEEEEEEEEEEEEEEE

[Z The PLOT Procedure
23 The PMENU Pracedurs
=5 The PRINT 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

D & o

Fefresh  Print  Options

Previous Page Next Page

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-varable;

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
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Running a SAS Program

* What resources are required to run a SAS program?
* The programmer must perform the following tasks:

e determine program specifications
e write the program

* test the program

e execute the program

e maintain the program




Running a SAS Program

The computer must perform the following actions:
e load the required SAS software into memory
e compile the program
e read the data
e execute the compiled program
e store output data files
e store output reports
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What Resources Are Used?

programmer
time

network
bandwidth

CPU

resources used

data storage
space

/

I/0

memory
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Understanding Efficiency Trade-offs

When you decrease the use of one resource, the use
of other resources might increase.

Resource usage is dependent on your data. A specific
technique might be more efficient with one data set and
less efficient with another.
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Understanding Efficiency Trade-offs

Data =) EDataj
N

Decreasing the size

of a SAS data set can
result in an increase in
CPU usage.
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Understanding Efficiency Trade-offs

—
[ |
—

S

—1

Decreasing the number |
of I/O operations comes

at the expense of increased
memory usage. A
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Deciding What Is Important for Efficiency

Your Site Your Data
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Understanding Efficiency at Your Site

x
File Edk Setup Comimls EamyMenu ‘;E:P_i
) pu ] e o] ] ] ] ] o] ] ) cie] )
Eates]

{c)Copuright 1990 Hotorola, Inc.

{ciCopuricht 1990, 1991, 1932 Correll University
{c)Copuright 1385-1951 The University of Haruland
{ciCopyright 1988 Carregie Hellon University

Falo flto. CA 4304 1,

Rights for nor-D0D U5, Covsrrment Departments and Agencies are as
Forth in FAR 52,227-190(c{1.20.
fou have mail.

W = B9

SICEN

SISVER = mE03

SIE0PT —atools —ro —000_n -000_ro

HANPATH = fusr/manduse/contr ib/nan: duse Flocal LIRS /mans fusrfloca
9/ Confg/men:/sas/WE0 too | s/man:/sas/tool s/man

loginod7 i

01
Fie Bdx Setup Controls EasyMenu Relp

i3] i us] e o] ] ) o] ] o] ) ) ] )
B

{c)Copyright 1990 Motorola, Inc.

{c)Copyright 1330, 1931, 1992 Corn
(c)Copuright 1383-1331 The Univers
{c)Copyright 1988 Carnegie Mellon

RESTRIC
Use, duplication, or disclosure by
restrictio
Technical

Rights for
Forth in FRR 52,227-19(c)(1,2). 1. -
You have mail. aipid
SISEN? = 603 : '
SISVER = w609

SISOPT -atools -ro ~000_m -000_ro

HNPATH 'usr/man: /usr/contrib/nen: /use/local A1
3/Conf g/man: /305/W503/ tool s/man: /sas/to0] s/man
loain007>

e ) st [Feae
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Knowing How Your Program Will Be
Used

The importance of efficiency increases with the following:

e the complexity of the program and/or the size of the files being
processed

e the number of times that the program will be executed
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Knowing How Your Program Will Be
Used

What type(s) of data do you use?

a. SAS data sets
b. External files

Data from a relational database — for example, Oracle,
Teradata, or SQL Server

Excel spreadsheets
OLAP cubes

Information maps
Other

0
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Considering Trade-Offs

In this class, many tasks are performed using one or
more techniques.

To decide which technique is most efficient for a given
task, benchmark, or measure and compare, the resource
usage of each technique.

You should benchmark with the actual data to
determine which technique is the most efficient.

& The effectiveness of any efficiency technique depends greatly on
the data with which you use
the technique.
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Running Benchmarks: Guidelines

To benchmark your programming techniques, do the
following:

e Turn on the appropriate options to report resource usage.
 Test each technique in a separate SAS session.

e Test only one technique or change at a time, with
as little additional code as possible.

e Run your tests under the conditions that your final program
will use (for example, batch execution,

large data sets, and so on). continued
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Running Benchmarks: Guidelines

e Run each program several times and base your conclusions
on averages, not on a single execution. (This is more critical
when you benchmark elapsed time.)

e Exclude outliers from the analysis because that data might
lead you to tune your program to run less efficiently than it

should.

e Turn off the options that report resource usage after testing
is finished, because they consume resources.

In a multi-user environment, other computer activities might
i'j affect the running of your program.
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Tracking Resource Usage

STATS MEMRPT

(z/OS only) (z/0OS only)
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Tracking Resources with SAS Options

Windows, UNIX OPTIONS STIMER | NOSTIMER;

OPTIONS NOFULLSTIMER | FULLSTIMER;

z/OS

STIMER | NOSTIMER | Invocation option only

OPTIONS STATS | NOSTATS;

OPTIONS MEMRPT | NOMEMRPT;

OPTIONS NOFULLSTIMER | FULLSTIMER;
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Business Scenario

You should benchmark to determine the most efficient
technique for creating a new variable based on a condition.

The following methods can be used:
e [F-THEN with an assignment statement
e [F-THEN/ELSE with an assignment statement
e SELECT/WHEN with an assignment statement
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1.07 Quiz

Open and submit p3o1ao1a.
Record the user CPU:

Exit SAS.

Start SAS.

Open and submit p3o1ao1b.
Record the user CPU:

Exit SAS.

Start SAS.

Open and submit p3o1aoic.
Record the user CPU:
Which technique is most efficient?
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Sample Windows Log

5 options fullstimer;
6 data null_;
7 length var $ 30;
8 retain var2-var50 0 var51-vari00 'ABC';
9 do x=1 to 100000000,
10 var1=10000000*ranuni(x);
11 if var1>1000000 then var='Greater than 1,000,000';
12 if 500000<=var1<=1000000 then var='Between 500,000 and 1,000,000';
13 if 100000<=var1<500000 then var='Between 100,000 and 500,000';
14 if 10000<=vari<i100000 then var='Between 10,000 and 100,000';
15 if 1000<=var1<10000 then var='Between 1,000 and 10,000';
16 if var1<1000 then var='Less than 1,000';
17 end;
18 run;
NOTE: DATA statement used (Total process time):
real time 1.26 seconds
user cpu time 0.98 seconds
system cpu time 0.04 seconds
Memory 278k
0S Memory 4976K
Timestamp 6/29/2010 12:39:21 PM

p301a0la



Sample UNIX Log

1 options fullstimer;

2 data _null_;

3 length var $30;

4 retain var2-var50 0 var51-var100 'ABC';

5 do x=1 to 10000000;

6 var1=10000000*ranuni(x);

7 if var1>10000000 then var='Greater than 1,000,000';
8

9

if 100000<=var1<500000 then var='Between 100,000 and 500,000';

10 if 10000<=vari1<100000 then var='Between 10,000 and 100,000';
11 if 1000<=vari1<10000 then var='Between 1,000 and 10,000';

12 if var1<1000 then var='Less than 1,000';

13 end;

14 run;

NOTE: DATA statement used (Total process time):

real time 6.62 seconds

user cpu time 5.14 seconds

system cpu time 0.01 seconds

Memory 526k
0S Memory 5680k
Timestamp 6/29/2010 11:55:32 AM
Page Faults 82
Page Reclaims 0
Page Swaps 0
Voluntary Context Switches 91
Involuntary Context Switches 48
Block Input Operations 91
Block Output Operations 0

if 500000<=var1<=1000000 then var='Between 500,000 and 1,000,000"';

p301a0ia
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SAS DATA Step Processing
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Objectives

e List the attributes of a data set page and define how
it relates to the structure of SAS data sets.

e Describe how SAS reads and writes data.
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SAS Data Set Pages

A SAS data set page has the following attributes:

e Itis the unit of data transfer between the operating system
buffers and SAS buffers in memory.

e Itincludes the number of bytes used by the descriptor portion,
the data values, and any operating system overhead.

e [t isfixed in size when the data set is created, either
to a default value or to a value specified by the programmer.
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Using PROC CONTENTS to Report Page Size

proc contents data=orion.sales history;
run;

. *1R—
Partial PROC CONTENTS Output LA =
294,912 bytes
Engine/Host Dependent Information
Data Set Page Size [16384 ]
Number of Data Set Pages 18
First Data Page 1
Max Obs per Page 92
Obs in First Data Page 72
Number of Data Set Repairs O
File Name S:\workshop\sales history.sas7bdat
Release Created 9.0201MO0
Host Created XP_PRO
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Reading External Files

s '

memory




Reading External Files
0 T — — — — — — —
|

measured
here

Data might be
cached in storage
devices. On UNIX

and Windows, data I
can also be cached

by the OS file |

system. — — — — —— — — — — —

memory




Reading External Files

I/O
measured
here




Reading External Files

Input Buffer

-
Data is converted I
from external
memory format to I
SAS format.
PDV \j
ID Gender | Country | Name




Reading External Files

I/0
measured

here

Input Buffer

-
Data is converted I
from external
memory format to I
SAS format.
PDV Y
ID Gender | Country | Name




Reading External Files
IO FPemeee — ——F=—— = = = I

measured Input Buffer
here

Data is converted I
from external
I memory format to I
SAS format.
®
. PDV Y
ID Gender | Country | Name

I/O
measured
here




Reading a SAS Data Set with a SET

Statement

s '

memory




/
Reading a SAS Data Set with a SET

Statement
[[0 o —— = oo mm—m—— I

measured
here

Data might be
cached in storage I
devices. On UNIX

and Windows, data I
can also be cached

by the OS file |
system. — — — — — — — — — — —

|
memory :
|
|
|



Reading a SAS Data Set with a SET

Statement
[0 Fm—0/— — = = = = = — — — I

measured
here

memory




/
Reading a SAS Data Set with a SET

Statement

I/0 __________I
measured
here femsansanes No data
. I> s smnsennns conversion
I faansannnans IS necessary.
memory

ID Gender | Country | Name

|
|
|
PDV I
|
|



Reading a SAS Data Set with a SET

Statement

I/O0 — e ———————
measured I
here No data
: conversion
IS necessary.
memory

ID Gender | Country | Name

|
|
|
PDV I
|
|



Reading a SAS Data Set with a SET

Statement

I/O0 — e ———————
measured I
here No data
: conversion
IS necessary.
memory

ID Gender | Country | Name

|
|
|
PDV I
|
|



Reading a SAS Data Set with a SET

Statement
[0 Fe—0/— — = = =/ =/ =/ = =— — I

measured
here

No data
conversion
IS hecessary.

|

|

\ memory I

® PDV
'. I ID Gender | Country | Name I
- -
" |
measured I

here I




/
Reading a SAS Data Set with a SET

Statement

IIIII

Sequential processing continues
until the pointer
reaches the end of the file

-

I/O
measured
here I

Country | Name I



Chapter 2: Controlling 1/0O Processing
and Memory

2.1: Controlling I/0
2.2: Controlling Data Set Size
2.3: Compressing SAS Data Sets

2.4: Controlling Memory (Self-Study)
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/O (Review)

SAS programs typically perform the following tasks:
e reading data sets sequentially
e performing analysis and data manipulation
e writing data sets sequentially or writing reports

# 1/0 is one of the most important factors
for optimizing performance.
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Where Is I/O Measured? (Review)

I/0
measured

measured -

here

* Windows and UNIX Only
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Using the Operating Environment Cache
in Windows and UNIX

Windows and UNIX use a file-caching mechanism
in the background.

e A file cache is an area in memory that holds recently accessed
data.

e By default, SAS reads and writes data through the operating
environment file cache, not by direct I/O.

e File caching is beneficial if the same data is used
more than once.

e File caching adds overhead to sequential I/O.
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Techniques for Reducing I/O Operations

Minimize the number of variables and observations.
Reduce the number of times that the data is processed.

Create a SAS data file when you process the same
raw data file repeatedly.

Use the SASFILE statement to process a small
SAS data set repeatedly.

Minimize the size of the SAS data set.

Use appropriate BUFSIZE= and/or BUFNO= options for

random or sequential access. continued...
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Techniques for Reducing I/O Operations

~

Bypass system file caching in Windows and UNIX.

Create views in programs that require intermediate
temporary SAS data files.

Create indexes on variables used for WHERE processing.
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Technique 1: Process Only the
Necessary Variables and Observations

Simple techniques can conserve I/O. The amount of I/O
saved depends on the size of the subset being processed.

e Reduce the number of variables.
« DROP or KEEP statements
« DROP= or KEEP= data set options

* Reduce the number of observations.
« WHERE statement
- WHERE= data set option
« OBS=and FIRSTOBS= data set options

96



Subsetting Data

Program 1: Subsetting in the Procedure

One way to create a subset is to use the WHERE statement in a procedure.

data bonus;
set orion.staff;
YrEndBonus=Salary*0.05;

run;

proc means data=bonus mean sum;
where Job Title contains 'Manager';
class Manager ID;
var YrEndBonus;

run;

e /#  The dataset bonus contains 11 variables p302d01

and 424 observations.
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Subsetting Data

Program 2: Subsetting in the DATA Step

Because the DATA step is required to create the variable YrfEndBonus, it is
more efficient to subset in the DATA step.

data bonus (keep=Manager ID YrEndBonus) ;
set orion.staff (keep=Job Title Salary Manager 1ID)
where Job Title contains 'Manager';
YrEndBonus=Salary*0.05;

run;

proc means data=bonus mean sum;
class Manager ID;
var YrEndBonus;

run;

I/0 savings result
from reducing the
number of variables
and observations
in the input and
output data sets.

#  The data set bonus contains two variables and 41
observations. p302do1
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Using the KEEP=/DROP= Options

here

on the input data set

/' KEEP=/DROP= data set option

PDV

Job_ galary Manager YrEnd
Title

I/0

measured \
here I

KEEP=/DROP= data set option
on the output data set
(KEEP/DROP statement in the DATA step)
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Setup for the Poll

p302do1 Program 1

data bonus;
set orion.staff;
YrEndBonus=Salary*0.05;

run, I/0 savings results
proc means data=bonus mean sum; -

where Job Title contains 'Manager'; from reducm? the

class Manager ID; number of variables

var YrEndBonus; and observations
run; - -

in the input and

p302d01 Program 2 output data sets.

data bonus (keep=Manager ID YrEndBonus) ;
set orion.staff (keep=Job Title Salary Manager ID);
where Job Title contains 'Manager';
YrEndBonus=Salary*0.05;

run;

proc means data=bonus mean sum;
class Manager ID;
var YrEndBonus;

run;
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2.01 Multiple Choice Poll

In addition to the I/O decrease when the DATA step

creates bonus, where does Program 2 have additional
decrease of [/O?

a.Fewer variables are read into the program data vector from
orion.staff in Program 2 because of the KEEP= data set
option.

b. The PROC MEANS in Program 2 loads a smaller version of
bonus.

c. There is no additional decrease in [/O; all of the decrease
in [/O occurs when the data set bonus
is created by the DATA step.
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2.01 Multiple Choice Poll — Correct Answer

In addition to the I/O decrease when the DATA step

creates bonus, where does Program 2 have additional
decrease of 1/O?

a.Fewer variables are read into the program data vector from
orion.staff in Program 2 because of the KEEP= data set
option.
he PROC MEANS in Program 2 loads a smaller version of
bonus.

c. There is no additional decrease in I/O; all of the decrease
in I/O occurs when the data set bonus
is created by the DATA step.
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Technique 2: Reducing the Number of
Times that Data Is Processed

The following techniques reduce the number of times that
data is processed:

e Subset data within a procedure step if possible.

e Create SAS data files. SAS can process SAS data files more
efficiently than raw data files.

e Use engines efficiently.
e Use indexes.
e Access data through SAS views.
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Subsetting Data within a Procedure
Step

Program 1: Subset in the DATA Step

You can subset in the DATA step first, and then execute the

data big salaries;

set orion.staff;
where Salary > 50000;
run;

proc means data=big salaries mean sum;
class Manager ID;
var Salary;

run;

p302d02
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Subsetting Data within a Procedure
Step

Program 2: Subset in the Procedure
A better way is to execute only one step and subset
in that step.

proc means data=orion.staff mean sum;
class Manager ID;
var Salary;
where Salary > 50000; 1/0 savings results
run; -
from avoidingan |
extra step for
subsetting.
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Technique 3: Creating a SAS Data File

Program1:  Write two programs. Each program should create a temporary

SAS data set to read in the same raw data file and create a report.

data prices;

infile 'prices.dat' dlm='*';

input Product ID : 12. Start Date : date9. End Date : date).
Unit Cost Price:dollar7.2 Unit Sales Price:dollar7.2;

run;

proc print data=prices (obs=5) ;

titlel "Prices Data Set";

run;

data prices;

infile 'prices.dat' dlm='*';

input Product ID : 12. Start Date : date9. End Date : date9.
Unit Cost Price:dollar7.2 Unit Sales Price:dollar7.2;

run;

proc means data=prices (keep=Unit Cost Price Unit Sales Price);

var Unit Cost Price Unit Sales Prlce,

run;

p302d03
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Creating a SAS Data File

Program 2: Create a permanent SAS data set by reading
in the raw data file one time. Write two programs using the SAS

data set to create a report.

data orion.prices;
infile 'prices.dat' dlm='*"';
input Product ID : 12. Start Date : date9.
End Date : date9.
Unit Cost Price : dollar7.2

Unit Sales Price : dollar7.2;

run; 4 odat _ _ (obs=5) I/0 savings from
proc pr:l.n ata=0rio0n. pr:l.ces oDsS= ’ =

titlel "Prices Data Set"; readlng the raw
run : data once

proc means data=orion.prices
(keep=Unit Cost Price Unit Sales Price);

var Unlt Cost Price Unlt Sales Prlce,
run;
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Technique 4: SASFILE Global Statement

If your program uses the same data set multiple times,
the SASFILE statement can reduce I/O resources.

A\

The SASFILE statement loads the SAS data set into memory in its
entirety, instead of a few pages at
a time.

After it is loaded, the data set is held in memory for subsequent DATA
and PROC step processing.

A second SASFILE statement closes the file and frees the SAS buffers.
It is useful for data sets that fit entirely into memory.

The SASFILE statement should not be used if the data set is larger
than available physical memory.

The reduction in I/O resources comes
at the cost of increased memory usage.
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Business Scenario

Create reports using the PRINT, TABULATE, MEANS, and FREQUENCY
procedures against a single SAS data set.

sasfile orion.customer_dim load;

proc freq data=orion.cus -
tables Customer Country Customer T

run;

proc print data=orion.customer dim no

where Customer Type='Orion Club Gol instead of four times. This results
var Customer ID Customer Name Cust

run in one-fourth as many I/O
proc means data=orion.customer dim me OperatiOI"IS, which can also reduce
var Customer_ Age; elapsed time. However, it comes at

class Customer Group; :
run; the expense of increased memory
proc tabulate data=orion.customer dim usage
class Customer Age Group Customer | i
table Customer Type All=Total,
Customer Age Group*n=' ' All=Total*n=' '/rts=45;

The orion.customer_dim data
set is read into memory only once

run;,

p302d04

sasfile orion.customer_dim close;
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SASFILE Global Statement

General form of the SASFILE statement:

SASFILE </ibref.> member-name
<(password-data-set-optiorns))>
OPEN | LOAD | CLOSE;

e When the SASFILE statement executes, SAS allocates the
number of buffers based on the number of pages in the SAS
data set and index file.

o If the file in memory increases in size during processing by
editing or appending data, the number of buffers also
Increases.
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2.1: Controlling 1/0

2.2: Controlling Data Set Size

2.3: Compressing SAS Data Sets

2.4: Controlling Memory (Self-Study)
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Objectives

e List techniques to reduce data storage.
e Describe how SAS stores numeric values.

e Describe how to safely reduce the space required
to store numeric values in SAS data sets.
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Techniques for Reducing Data Set Size

Store integers as reduced-length numerics.
Compress the data set.

# Reducing the size of a SAS data set reduces the [/O
required to process it.
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Characteristics of Numeric Variables

Numeric variables have the following characteristics:

e are stored as floating-point numbers in real-binary
representation
- store multiple digits per byte

- use a minimum of one byte to store the sign and exponent of the
value (depending on the operating environment) and use the
remaining bytes to store
the mantissa of the value

e take 8 bytes of storage per variable, by default,

but can be reduced in size
e always have a length of 8 bytes in the PDV
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Default Length of Numeric Variables

* The number 35,298 can be written as follows:

[ A#0.35298*(10**R) J

Sign Mantissa Base Exponen

* SAS stores numeric variables in floating-point form:

|

Y

Exponent Sign Mantissa
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Assigning the Length of Numeric
Variables

You can use a LENGTH statement to assign a length from 2 to 8 bytes to numeric
variables.

data emps_short;
length Street ID 6
Employee ID Manager ID 5
Street Number Employee Hire Date
Employee Term Date Birth Date
Salary 4
Dependents 3;
merge employee addresses
employee organization
employee payroll
employee phones;
by Employee 1ID;
run;

If the variable is numeric, the length applies only to the output data set. If the variable
is character, the length applies to the program data vector and the output data set.
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Comparing Results

To determine whether the data sets emps_short
and emps are equivalent, you can use the COMPARE
procedure.

proc compare data=emps compare=emps short;
run;
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Comparing Data Sets

The COMPARE Procedure
Comparison of WORK.EMPS with WORK.EMPS_SHORT
(Method=EXACT)

Observation Summary

Observation Base Compare
First Obs 1 1
Last Obs 923 923

Number of Observations in Common: 923.
Total Number of Observations Read from WORK.EMPS: 923.
Total Number of Observations Read from WORK.EMPS_SHORT: 923.

Number of Observations with Some Compared Variables Unequal: O.
Number of Observations with All Compared Variables Equal: 923.

NOTE: No unequal values were found. All values compared are exactly equal.
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Possible Storage Lengths for Integer
Values

Windows and UNIX
(bytes) Represented Exactly
3 8,192
4 2,097,152
S 936,870,912
6 137,438,953,472
7 35,184,372,088,832
38 9,007,199,254,740,992
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Possible Storage Lengths for Integer

Values

z/OS Length Largest Integer
(bytes) Represented Exactly

2

o N o 01 b~ W

256

65,536

16,777,216
4,294,967,296
1,099,511,627,776
281,474,946,710,656
72,057,594,037,927,936
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Assigning the Length of Numeric Variables

The use of a numeric length less than 8 bytes does the
following:
e causes the number to be truncated to the specified length
when the value is written to the SAS data set

& This reduces the number of bytes available for the mantissa,
— which reduces the precision of
the number that can be accurately stored.
 causes the number to be expanded to 8 bytes
in the PDV when the data set is read by padding
the mantissa with binary zeros

# Numbers are always 8 bytes in length in the PDV.
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Dangers of Reduced-Length Numeric
Variables

* It is not recommended that you change the length
of non-integer numeric variables.

data test;
length x 4;
X=1/10;
Y=1/10;
run;

data null ;
set test;
put X=;
put ¥Y=;
run;

p302a01 123






2.02 Poll

Open the program p302a01 and submit it.
Look at the log.
Are the values of X and Y equal?

O Yes
O No
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2.02 Poll — Correct Answer

Open the program p302a01 and submit it.
Look at the log.
Are the values of X and Y equal?

O Yes

o
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Numeric Precision
* Partial SAS Log (Windows)

7 data test;

8 length x 4;
9 X=1/10;

10 Y=1/10;

11 run;

NOTE: The data set WORK.TEST has 1 observations and 2 variables.
NOTE: DATA statement used (Total process time):

real time 0.00 seconds
cpu time 0.00 seconds

12

13 data _null ;

14 set test;

15 put X=;

16 put Y=;

17 run;

x=0.0999999642
y=0.1
NOTE: There were 1 observations read from the data set WORK.TEST.
NOTE: DATA statement used (Total process time):
real time 0.03 seconds
cpu time 0.00 seconds
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Dangers of Reduced-Length Numeric
Variables

It is not recommended that you reduce the length of
integer numeric variables inappropriately or that you
reduce the length of variables that hold large integer
numeric values. This example illustrates the effect of
inappropriately reducing integer values.

data test;
length X 3;
X=8193;
run;

data null ;
set test;
put X=;

run; p302d07
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Numeric Precision

120 data test;

121 length X 3;
122 X=8193;
123 run;

NOTE: The data set WORK.TEST has 1 observations and 1 variables.
NOTE: DATA statement used (Total process time):

real time 0.00 seconds

cpu time 0.00 seconds

124

125 data null ;
126 set test;
127 put X=;
128 run;

Xx=8192
NOTE: There were 1 observations read from the data set WORK.TEST.
NOTE: DATA statement used (Total process time):

real time 0.00 seconds

cpu time 0.00 seconds
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Advantages and Disadvantages
of Reduced-Length Numeric Variables

Advantages Disadvantages

Conserves data storage Uses additional CPU to read
space
Requires less 1/O to read Can alter high-precision

values such as non-integer
and large integer values
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2.1: Controlling 1/0

2.2: Controlling Data Set Size

2.3: Compressing SAS Data Sets

2.4: Controlling Memory (Self-Study)
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Objectives

e Define the structure of a compressed SAS data file.
e Create a compressed SAS data file.

e List the advantages and disadvantages
of compression.
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Simplified Uncompressed Data File Structure

Page |
1

Page |
2

Page |
n

Cald el e - I T
o * obs | Descriptor
OH
R ERE
e * obs
OH
2;1;:610 Obs | Obs | Obs bilt/
Ve |y y Z * Unused space obs
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Uncompressed SAS Data File

The following are features of uncompressed
SAS data files:

e All observations use the same number of bytes.

e Each variable occupies the same number of bytes
in every observation.

e Character values are padded with blanks.
e Numeric values are padded with binary zeros.

e The descriptor portion of the data set uses part

of the first data set page. continued...
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Uncompressed SAS Data File

e There is a 24-byte overhead at the beginning of each page on
32-bit systems.

e There is a 40-byte overhead at the beginning of each page on
64-bit systems.

e There is a 1-bit per observation overhead, rounded
up to the nearest byte.

e New observations are added at the end of the file.
If a new page is needed for a new observation,
a whole data set page is added.

e Deleted observation space is never reused, unless
the entire data file is rebuilt.
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Page

Page

"

Page
n

olified Structure of a Compressed Data Set

24| | 12124 O | ons o
b‘;?e bé’f:’ Obs 7 Obs 6 Obs 5 ts’ 3 | OPs2 ts) Descriptor
OH OH 4 1
24 | 0 0 0
12 | 24 Obs obs | o
40 | ytes/ o Obs14 | obs13 | ©° | P | 10 S|P
byte 16 S 12 S S
yt obs OH 9
OH 15 11 8
@)
a%| 12 24 "
bytes/ * Obs z
byte obs OH 3
OH y

* Unused space
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Compressed SAS Data File

Features of compressed SAS data files:

e Each observation is a single string of bytes. Variable types and
boundaries are ignored.

e Each observation can have a different length.

* Consecutive repeating characters and numbers are collapsed
into fewer bytes.

e If an updated observation is larger than its original size, it is
stored on either the same data set page or on a different page
with a pointer to the original page.

e The descriptor portion of the data set is stored at the end of
the first data set page. continuea...
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Compressed SAS Data File

e There is a 24-byte overhead at the beginning of each page on
32-bit systems.

e There is a 40-byte overhead at the beginning of each page on
64-bit systems.

e There is a 12-byte-per-observation overhead on 32-bit
systems.

e There is a 24-byte-per-observation overhead on 64-bit
systems.

e Deleted observation space can be reused if the REUSE=YES
data set or system option was turned
on when the SAS data file was compressed.

138



Compressing SAS Files

There are two different algorithms that can be used
to compress files:

e the RLE (Run Length Encoding) compression algorithm
(COMPRESS=YES | CHAR)

e the RDC (Ross Data Compression) algorithm
/1\ (COMPRESS=BINARY)

The optimal algorithm depends on the characteristics of your data.
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Creating a Compressed Data File

To create a compressed data file, use the COMPRESS=
output data set option or system option.

General forms of the COMPRESS= options:

SAS-data-sef(COMPRESS=NO | YES | CHAR | BINARY)
OPTIONS COMPRESS=NO | YES | CHAR | BINARY;
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Comparing Compression Methods
COMPRESS=YES | CHAR

¢ is effective with character data that contains repeated
characters (such as blanks).

COMPRESS=BINARY

e takes significantly more CPU time to uncompress
than COMPRESS=YES | CHAR

* is more efficient with observations greater than
a 1000 bytes in length

e can be very effective with numeric data

e can be effective with character data that contains patterns,
rather than simple repetitions.
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2.04 Quiz

Open the program p3o02ao02.

1. Change the data set name to empchar. Add the
COMPRESS=CHAR data set option to the DATA
step and submit the program.

By what percentage was the data set reduced or
increased?

2. Change the data set name to empbin. Add the
COMPRESS=BINARY data set option to the DATA
step and submit the program.

By what percentage was the data set reduced or
increased?
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2.04 Quiz — Correct Answer

Open the program p3o2aoz2.

1. Change the data set name to empchar. Add the
COMPRESS=CHAR data set option to the DATA
step and submit the program.

By what percentage was the data set reduced or
increased?

data empchar (compress=char) ;
merge employee addresses
employee organization
employee payroll
employee phones;
by Employee ID;

run; continued...
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Using the COMPRESS=CHAR Option

» Partial SAS Log (Windows)

44
45
46
47
48
49

NOTE:
NOTE:
NOTE:
NOTE:
NOTE:
NOTE:

NOTE:

data empchar(compress=char);

merge employee_addresses employee_organization
employee_payroll employee_phones;

by Employee ID;
run;

There were 424 observations
There were 424 observations
There were 424 observations
There were 923 observations

read from the data
read from the data
read from the data
read from the data

The data set WORK.EMPCHAR has 923 observations
Compressing data set WORK.EMPCHAR decreased size by 60.71 percent.
Compressed is 11 pages; un-compressed would require 28 pages.

DATA statement used (Total process time):
real time 0.04 seconds

cpu time 0.01 seconds

set WORK.EMPLOYEE_ADDRESSES.
set WORK.EMPLOYEE_ ORGANIZATION.
set WORK.EMPLOYEE_PAYROLL.

set WORK.EMPLOYEE_PHONES.

and 21 variables.
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2.04 Quiz — Correct Answer

Open the program p302a02.

2. Change the data set name to empbin. Add the
COMPRESS=BINARY data set option to the DATA
step and submit the program.

By what percentage was the data set reduced or
increased?

data empbin (compress=binary) ;
merge employee addresses
employee organization
employee payroll
employee phones;
by Employee ID;
run;

continued...
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Using the COMPRESS=BINARY Option

* Partial SAS Log (Windows)

50
51
52
53
54

NOTE:
NOTE:
NOTE:
NOTE:
NOTE:
NOTE:

NOTE:

data empbin(compress=binary);

merge employee_addresses employee_organization
employee_payroll employee_phones;

by Employee ID;
run;

There were 424 observations read
There were 424 observations read
There were 424 observations read
There were 923 observations read
The data set WORK.EMPBIN has 923
Compressing data set WORK.EMPBIN

from the data set WORK.EMPLOYEE_ADDRESSES.

from the data set WORK.EMPLOYEE_ORGANIZATION.

from the data set WORK.EMPLOYEE PAYROLL.
from the data set WORK.EMPLOYEE_PHONES.
observations and 21 variables.

decreased size by 57.14 percent.

Compressed is 12 pages; un-compressed would require 28 pages.
DATA statement used (Total process time):

real time 0.03 seconds
cpu time 0.03 seconds
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Summary of Compression Results

Data Set Option Algorithm | Number | Decreased
Used Used of Bytes Size

employees None None 458,752 0%
empchar YES | CHAR RLE 180,224 60.71%
empbin BINARY RDC 196,608 57.14%

# Your results might differ, depending on SAS option
settings and the operating system.
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How SAS Compresses Data
A SAS data file has these variables:

LastName Character 20
FirstName Character 15

In uncompressed form, all observations use 35 bytes
for these two variables.

o w

Input Buffer 1 2
1234567890123 45¢678901234FH5
AlD(A[M|S B|i|1l|1

LastName FirstName
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Using COMPRESS=CHAR | YES

In run-length encoding compressed form, the
LastName and FirstName values for this observation
use only 13 bytes.

1 2 3 4 5 6 7 8 9 0 1 2 3
@ A DA M |S # |[@|B |[I L L #

LastName FirstName

e The @ is a symbol that indicates how many uncompressed
characters follow.

e The # is a symbol that indicates the number of blanks
repeated at this point in the observation.
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Using COMPRESS=BINARY

Ross Data Compression uses both run-length encoding and
sliding window compression.

A SAS data set has these variables:

Answerl Numeric 8

Answer200 Numeric 8

In uncompressed form, the SAS data file resembles this:

Answerl Answer?2 Answer3 Answer4 Answer5b5 Answere6 ... Answer200

2

1

2
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Using COMPRESS=BINARY

In Ross Data Compression form, the first observation
in the data file resembles this:

1 2 3 4 5 6 7 8 9

+ +

1 2 3
@1 #@1 #

e The @ is a symbol that indicates how many uncompressed
characters follow.

e The # is a symbol that indicates the number of binary zeros
repeated at this point in the observation.

e The % is a symbol that indicates how many times these
values are repeated.
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Compression Dependencies

& Some data sets do not compress well or at all.

Because there is higher overhead for each observation,

a data file can occupy more space in compressed form than
in uncompressed form if the file has the following
characteristics:

o few repeated characters
e small physical size
e few missing values

e short text strings

153



Compression Dependencies

1 data orders(compress=yes);
2 set orion.orders;
3 run;
NOTE: There were 490 observations read from the data set ORION.ORDERS.
NOTE: The data set WORK.ORDERS has 490 observations and 6 variables.
NOTE: Compressing data set WORK.ORDERS decreased size by 0.00 percent.
Compressed is 7 pages; un-compressed would require 7 pages.
NOTE: DATA statement used (Total process time):
real time 1.04 seconds
cpu time 0.12 seconds
55 data orders(compress=binary);

56 set orion.orders;
57 run;

NOTE: There were 490 observations read from the data set ORION.ORDERS.
NOTE: The data set WORK.ORDERS has 490 observations and 6 variables.
NOTE: Compressing data set WORK.ORDERS increased size by 28.57 percent.

Compressed is 9 pages; un-compressed would require 7 pages.
NOTE: DATA statement used (Total process time):
real time 0.09 seconds
cpu time 0.09 seconds p302d08
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Compression Dependencies

When you use the COMPRESS= data set option or the
COMPRESS= system option, SAS knows the following:

* the size of the overhead introduced by compression
e the maximum size of an observation

[f the maximum size of the observation is less than the 12-
byte (32-bit systems) or 24-byte (64-bit system) overhead
introduced by compression, SAS does the following:

e disables compression

e creates an uncompressed data set

* issues a note stating that the file was not compressed
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Compression Dependencies

SAS Log (Windows)

18 data test(compress=yes);
19 x=1;
20 run;

NOTE: Compression was disabled for data set WORK.TEST because

compression overhead would increase the size of the data set.
NOTE: The data set WORK.TEST has 1 observations and 1 variables.
NOTE: DATA statement used (Total process time):

real time 0.00 seconds

cpu time 0.00 seconds

p302d09

156



Compression Trade-Offs

Usually requires more disk
storage

Requires less CPU time to
prepare an observation for I/O

Uses more I/O operations

The savings in I/O
operations greatly
outweigh the increase
in CPU time.

Usually requires less disk
storage

Requires more CPU time to
prepare an observation for I/O

Uses fewer I/O operations

continued...
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Compression Trade-Offs

An updated observation fits in
its original location.

Deleted observation space is
never reused.

New observations are always
Inserted at the end of the data
file.

An updated observation might
be moved from its original
location.

Deleted observation space can
be reused.

When REUSE=YES, new
observations might not be
Inserted at the end of the data
file.
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2.1: Controlling 1/0

2.2: Controlling Data Set Size

2.3: Compressing SAS Data Sets

2.4: Controlling Memory (Self-Study)
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Objectives

 Investigate techniques for controlling memory.

e Use system options to specify the amount of available
memory.
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Comparing Memory, I/0O, and CPU
Resources

The techniques that reduce CPU and I/O can increase
memory usage.

e Efficient use of the I/O subsystem uses larger buffers and/or
multiple buffers.

e These buffers share memory space with the other memory
demands of your SAS session.

1\ Benchmark carefully to balance the need to conserve memory with
the need to reduce CPU
and 1/0.
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Reducing Memory Usage

e Use small data set page sizes when you create data sets that
will be accessed in a sparse, random pattern.

e Use a single read buffer when the data is accessed randomly
instead of sequentially.

e Use BY-group processing instead of CLASS statements in
those procedures that support both, especially where you
have pre-sorted data or can
use an existing index.
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Using the BY Statement

Instead of using a CLASS statement to group data, you can
use the BY statement to specify the variables whose values
define the subgroup combinations for an analysis by a SAS
procedure.
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Using the BY Statement

What are the differences between using a BY statement
and using a CLASS statement in a procedure?

BY Statement CLASS Statement

The data set must be sorted or
iIndexed on the BY variables.

BY-group processing holds only
one BY group in memory at a time.

A percentage for the entire report
cannot be calculated with
procedures such as the REPORT
or TABULATE procedures.

The data set does not need to be
sorted or indexed on the CLASS
variables.

The CLASS statement
accumulates aggregates for all
CLASS groups simultaneously in
memory.

A percentage for the entire report
can be calculated with procedures
such as the REPORT or
TABULATE procedures.
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PROC MEANS with a BY Statement

proc means data=orion.order fact mean median
maxdec=2;
format Order Date year4.;
by Order Date;
var Quantity -- CostPrice Per Unit;
run;

p302d10
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PROC MEANS with a BY Statement

Partial PROC MEANS Output with a BY Statement

The MEANS Procedure

Variable Label Mean Median
Quantity Quantity Ordered 1.82 2.00
Total Retail_Price Total Retail Price for This Product 177.59 105.95
CostPrice_Per_Unit Cost Price Per Unit 42.72 31.80
---------------------- Date Order was placed by Customer=2004 ----------------------
Variable Label Mean Median
Quantity Quantity Ordered 1.69 1.00
Total Retail_Price Total Retail Price for This Product 146.13 85.65
CostPrice_Per_Unit Cost Price Per Unit 37.10 25.68
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PROC MEANS with a CLASS Statement

proc means data=orion.order fact mean median
maxdec=2;
format Order Date year4.;
class Order Date;
var Quantity -- CostPrice Per Unit;
run;

p302d10
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PROC MEANS with a CLASS Statement

The MEANS Procedure

Date
Order
was
placed
by N
Customer Obs Variable Label Mean Median
2003 128 Quantity Quantity Ordered 1.82 2.00
Total Retail Price Total Retail Price for This Product 177 .59 105.95
CostPrice_Per_Unit Cost Price Per Unit 42.72 31.80
2004 108 Quantity Quantity Ordered 1.69 1.00
Total Retail Price Total Retail Price for This Product 146.13 85.65
CostPrice Per_Unit Cost Price Per Unit 37.10 25.68
2005 90 Quantity Quantity Ordered 1.70 1.00
Total _Retail_Price Total Retail Price for This Product 187.20 77.00
CostPrice Per_Unit Cost Price Per Unit 49.45 25.20
2006 143 Quantity Quantity Ordered 1.57 1.00
Total _Retail_Price Total Retail Price for This Product 149.70 92.80
CostPrice Per_Unit Cost Price Per Unit 44 .25 29.95
2007 148 Quantity Quantity Ordered 1.93 2.00
Total Retail Price Total Retail Price for This Product 157.49 80.95
CostPrice Per_Unit Cost Price Per Unit 37.53 21.35
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Using Memory System Options

The operating environment will use disk-based virtual
memory when physical memory is depleted. This
adversely affects performance.

Use these SAS system options to limit the amount
of memory used by SAS:

e REALMEMSIZE=
e MEMSIZE=

& Set the REALMEMSIZE= and MEMSIZE= options
— to values below the amount of available physical memory
to prevent page thrashing or memory swapping.
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Using System Options to Control
Memory

The total amount of memory that a SAS job can consume is
limited by the MEMSIZE= invocation system option.

-MEMSIZE=n | nK | n M | n G | hexX | MIN | MAX
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Using the MEMSIZE= Option

The MEMSIZE= option places a limit on the total amount
of memory that SAS dynamically allocates at any time. This

memory is supported by a combination of real memory and
space for utility files on disk.

Increase this option's value in small increments until
you find your optimal value.

4 SAS does not automatically reserve or allocate
the amount of memory that you specify in the
MEMSIZE= system option. SAS will use only as much
memory as it needs to complete a process.
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Using the REALMEMSIZE= System
Option

Some SAS procedures use the REALMEMSIZE=

invocation option to specify how much memory *
the procedure can allocate and use without inducing
excessive page swapping.

-REALMEMSIZE=n | nK | nM | nG | hexX | MIN | MAX

The REALMEMSIZE= option should never be set beyond
the amount of real memory.

e In UNIX and z/OS, REALMEMSIZE= specifies real
(physical) memory. In Windows, REALMEMSIZE=

specifies virtual memory.
172



“

3. Pokrocilé programovani
v SAS — indexy, ...



3.1 Creating an Index

3.2 Using an Index

3.3 Creating a Sample Data Set (Self-Study)
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Objectives

e Define indexes.

e List the uses of indexes.

e Use the DATA step to create indexes.

e Use PROC DATASETS to create and maintain indexes.
e Use PROC SQL to create and maintain indexes.
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Simplified Index File

The index file consists of entries that are organized
in a tree structure and connected by pointers.

Partial Listing of
orion.sales_history

Simplified Index

Custome r ID

Record Identifier (RID)

Key Value Page (obs, obs, ...)
Customer ID | Employee ID
— - 4006 17 (85)

14958 121031

14844 121042 4021 17(89)

14864 99999999 4059 17(90)

14909 120436 4063 17 (80, 86)

14862 120481

14853 120454

14838 121039

14842 121051 14958 1(1, 24)

14815 99999999

14797 120604 14972 1(14)
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The Purpose of Indexes

Indexes can provide direct access to observations
in SAS data sets to accomplish the following:

e vyield faster access to small subsets (WHERE)

e return observations in sorted order (BY)

e perform table lookup operations (SET with KEY=)
* join observations (PROC SQL)

e modify observations (MODIFY with KEY=)
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Why Use an Index?

How is data processed if the input data is not indexed?

data customerl4958;
set orion.sales history;
where Customer ID=14958;
run;
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Reading SAS Data Sets without an Index
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Reading SAS Data Sets without an Index

# The number of buffers
available affects the I/0.

loaded.

pages are I



pages are

The WHERE statement
selects observations
by reading data
sequentially.

loaded.
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Reading SAS Data Sets without an Index

Data

/ The WHERE statement

selects observations
by reading data
sequentially.

pages are
loaded.

I h N
ID Gender

Country

Name
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/
Reading SAS Data Sets without an Index

/ The WHERE statement

selects observations
by reading data
sequentially.

Data
pages are
loaded.

PDV

ID Gender | Country | Name
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/
Reading SAS Data Sets without an Index

/ The WHERE statement

selects observations
by reading data
sequentially.

Data
pages are
loaded.

PDV

ID Gender | Country | Name
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Why Use an Index?

How is data processed if the input data is indexed?

data customerl4958;

set orion.sales history;
where Customer ID=14958;
run;
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Reading SAS Data Sets with an Index




Reading SAS Data Sets with an Index

- The index file
is checked.




Reading SAS Data Sets with an Index

- The index file

is checked.

Only
necessary
pages are

loaded.




- The index file
is checked.
\
The WHERE statement

selects observations
by using direct access.

Only

necessary

pages are
loaded.
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Reading SAS Data Sets with an Index

The index file
is checked.

|

|

The WHERE statement I
selects observations I
|

|

|

by using direct access.

Only
necessary

pages are PDV
loaded. N

ID Gender | Country | Name
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How Is the Index File Checked?

The index file
is checked.

|

|

When an index is used, |
a binary search is done

on the index file. |

|

|

|

ID Gender | Country | Name




Using a Binary Search

Partial Listing of
orion.sales history

RID

= WD R

Simplified Index File

Customer I | Employee
D ID
14958 121031
14844 121042
14864 99999999
14909 120436

where Customer_ID=14958;||

23
24

25

14844 121042
14958 121031
14821 120918

Customer | Record Identifier (RID)
ID Page (obs, obs, ...)
Key Value

4006 17 (85)

4021 17 (89)

4059 17(90)

4063 17 (80, 86)

14958 1(1, 24)

14972 1(14)
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Using a Binary Search

Ef}gf_'szlse“s”gh?;tory Simplified Index File
Customer Customer | Record Identifier (RID)
RID : | ID Page (obs, obs, ...)
Is 14958 in the fey Value
4006 17 (85
top half or the o>
. 4021 17(89)
bottom halfz |
: U\ : O_ o 4059 17 (90)
. . ‘ 4063 17(80, 86)
|where Customer_ ID=14958;[" .
23 14844 121042 ... :
24 14958 121031 .. 1(1, 24)
25 14821 120918 .. 14972 1(14)
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Using a Binary Search

Partial Listing of
orion.sales history

Customer

Is 14958 in the
top half or the

Simplified Index File

2
-\I:x)gl%gm hal .

|where Customer_ID¥:{4958;||

—O

23 14844 121042
24 14958 121031
25 14821 120918

Customer | Record Identifier (RID)
ID Page (obs, obs, ...)
Key Value

4006 17 (85)

4021 17(89)

4059 17 (90)

4063 17(80, 86)

-
14958

1(1, 24)

14972

1(14)
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Using a Binary Search

Partial Listing of
orion.sales history

RID

= WD R

Customer I | Employee
D ID

14958 121031

4844 121042

1486

99999999

14909

Simplified Index File

where Cus tomer_ID=1

23
24

25

14844 121042
14958 121031
14821 120918

Customer | Record Identifier (RID)
ID Page (obs, obs, ...)
Key Value

4006 17 (85)

4021 17(89)

4059 17 (90)

4063 17(80, 86)

14972
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Using a Binary Search

Partial Listing of
orion.sales history

RID

= WD R

Simplified Index File

Customer I | Employee
D ID
14958 121031
14844 121042
14864 99999999
14909 120436

where Customer_ID=14958;||

23

Customer | Record Identifier (RID)
ID Page (obs, obs, ...)
Key Value

4006 17 (85)

4021 17(89)

4059 17 (90)

4063 17(80, 86)

14844 121042
24 <@l l Q58 121031
14821 120918

25

14958

14972
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3.02 Multiple Choice Poll

If a WHERE statement uses an index to retrieve a small
subset of data, which of these resources is conserved?

a.l/O
b.Disk space
c. Memory

d.Programmer time

200



3.02 Multiple Choice Poll — Correct
Answer

If a WHERE statement uses an index to retrieve a small
subset of data, which of these resources is conserved?

(/o

b.Disk space
c. Memory

d.Programmer time
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Business Scenario

The SAS data set orion.sales_history is often queried

with a WHERE statement.

Partial Listing of orion.sales_history

Customer _ Order_ Order_ Product ID Product__
ID ID Type - Group
14958 1230016296 1 210200600078 N.D. Gear, Kids
14844 1230096476 1 220100100354 Eclipse Clothing
14864 1230028104 2 240600100115 Bathing Suits
14909 1230044374 1 240100200001 Darts
14862 1230021668 1 240500200056 Running Clothes
14853 1230021653 1 220200200085 Shoes
14838 1230140184 1 220100300042 Knitwear
14842 1230025285 1 240200100053 Golf
14815 1230109468 3 230100700004 Tents
14797 1230168587 1 220101000004 Shorts
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Business Scenario

You need to create three indexes on the most frequently
used subsetting columns.

ndex Variables

Custome r_ID Custome r_ID

Product Group Product Group

SaleID Order_ID
Product_ID

Partial Listing of orion.sales histor
[omer ][ ot | o [ e || T

14958 ( . . . 12\0016296 1 21(#00600078 ... N.D. Gear, Kids

) = > 4

14844 | . . . | 1230096476 Y 1| 220100100354 | . . . |Eclipse Clothing
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Creating an Index

—

Customer 1D ( Customer ID
Order ID —
— Product Group
Product ID SaleID
(_ Product Group ~
Key variables in Indexes in the index

orion.sales histoi file for orion.sales histoi

Directory-based Index File Naming Conventions

Index Variables | Index Type

Customer ID Customer ID Simple
Product Group Product Group Simple
SaleID Order ID Composite

Product_ID
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Index Terminology

There are two types of indexes.

Simple the value of only

one variable

the values of more
than one variable
concatenated to
form a single value

Composite

automatically
given the same
name as its key

Custome r ID

Product Group

variable
must be givena SaleID=
name thatisnot  (order ID

the same as any
variable or
existing index

Product ID)
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Index Terminology

Index options include the following:

Partial Listing of orion.sales_history

VI\N[0]U/=@m Values of the key variable(s) must be unique. This option
prevents an observation with a duplicate value for the key
variable(s) from being added to the data set.

Customer

Employee

Order _

X

1D ID Order ID Type Product ID Quantity
14958 121031 123\016296 1 21020#600078 1
14844 121042 1230}}9“-;1-—\/-1-%(0100354 1
14864 | 99999999 1230028104 | 2| 240600100115 1
14909 120436 1230044374 1| 240100200001 1
14862 120481 1230021668 1| 240500200056 1
14853 120454 1230021653 1| 220200200085 3
14838 121039 1230140184 1| 220100300042 4

The concatenation of the values for Order_ID and
Product_ID forms a unique identifier for a row of data.
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Index Terminology

Index options include the following:

N@lVIESSssl excludes all observations with missing values from the
Index. Observations with missing values can still be read

from the data set, but not using the index.

e If there is a large number of missing values for the key variable(s),
the NOMISS option can create a smaller index file.

e An index created with the NOMISS option is not used for the
following processing:

» a BY statement
« a WHERE expression satisfied by missing values

& NOMISS cannot be used when you create indexes
— using PROC SQL.
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3.03 Multiple Answer Poll

On which of these indexed variables can you assign the
UNIQUE option?

a. Customer ID in an orders data set where
a customer can place multiple orders

b. Order Date in an orders data set

c. Employee_ID in a data set containing each
individual employee and the family members’
names stored in variables Dependenti -
Dependentio

d. Product_ID in a data set containing the
product identifier and the product description
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3.03 Multiple Answer Poll — Correct
Answers

On which of these indexed variables can you assign the
UNIQUE option?

a. Customer ID in an orders data set where
a customer can place multiple orders

b. Order Date in an orders data set

mployee_ID in a data set containing each
individual employee and the family members’
names stored in variables Dependent1 -
Dependentio

roduct_ID in a data set containing the
product identifier and the product description
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Creating Indexes

To create indexes at the same time that you create
a data set, use the INDEX= data set option on the output
data set.

To create or delete indexes on existing data sets,
use one of the following:

e DATASETS procedure
e SQL procedure
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Creating Indexes

When you create the index, do the following:

e designate the key variable(s)

e specify the UNIQUE and/or the NOMISS
index option if appropriate

e select avalid SAS name for the index
(composite index only)

A data set can have these index features:
e multiple simple and composite indexes

* character and numeric key variables
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Creating an Index with the" INDEX= Data"Set
Option

options msglevel=i;
data orion.sales history(index=
(Customer ID Product Group
SaleID=(Order ID Product ID)/unique));
set orion.history;
Value Cost=CostPrice Per Unit*Quantity;
Year Month=mdy (Month Num, 15, input(Year ID,4.));
format Value Cost dollarl2.
Year Month monyy7.;
label Value Cost="Value Cost"
Year Month="Month/Year";

run,

The following code would delete the indexes:

data orion.sales history,

set orion.sales history;
run;

p303d01 213



Creating an Index with the
INDEX= Data Set Option

General form of the INDEX= data set option:

SAS-data-file-name (INDEX =
(/ndex-specification-1</option> </option>
... <lndex-specification-n</option> </option> >));

# Forincreased efficiency, use the INDEX= option
to create indexes when you initially create a

SAS data set.
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Viewing Information about Indexes

To display information in the log concerning index creation
or index usage, change the value of the MSGLEVEL= system
option from its default value

of N to L.

General form of the MSGLEVEL= system option:

11
12
13
14
15
16
17

NOTE:
NOTE:
NOTE:
NOTE:
NOTE:

‘OPTIONS MSGLEVEL=N | 1;‘
options msglevel=i;

data orion.sales_history(index=
(Customer_ID Product_Group
SaleID=(Order_ID
Product_ID)/unique));
set orion.sales _history;
run;

There were 1500 observations read from the data set ORION.SALES_HISTORY.
The data set ORION.SALES HISTORY has 1500 observations and 22 variables.
Composite index SaleID has been defined.

Simple index Product_Group has been defined.

Simple index Customer_ID has been defined.
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Creating an Index with the
INDEX= Data Set Option

Advantages Disadvantages

You can create the data set  To create an additional index,
and the index in one step. you must re-create the
existing indexes.

SAS only reads the data You need to know in advance
once. that indexes
are needed.
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Managing Indexes with PROC
DATASETS

options msglevel=n;
proc datasets library=orion nolist;
modify sales history;
index create Customer ID;
index create Product Group;
index create SalelID=(Order ID
Product ID)/unique;

quit;

The following code would delete the indexes:

proc datasets library=orion nolist;
modify sales history;
index delete Customer ID

Product Group SalelD; p303d02

quit;
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Managing Indexes with PROC
DATASETS

You can use the DATASETS procedure on existing data sets
to create or delete indexes.

General form of the PROC DATASETS step to delete
or create indexes:

PROC DATASETS LIBRARY=/bref NOLIST;
MODIFY SAS-data-set-name;
INDEX DELETE /ndex-name;
INDEX CREATE /ndex-specification
< / options>;

QUIT;
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3.04 Quiz

Open and submit the program p3o03aoa.
What error messages are in the log?

options msglevel=n;
proc datasets library=orion nolist;
modify sales history;
index create Customer ID;
index create Product Group;
index create SaleID=(Order ID
Product ID) /unique;
quit;
p303a0l 20




3.04 Quiz — Correct Answer

1 options msglevel=n;

2 proc datasets library=orion nolist;

3 modify sales_history;

4 index create Customer_ID;

ERROR: An index named Customer_ID with the same definition already exists for
file ORION.SALES HISTORY.DATA.

5 index create Product_Group;

6 index create SaleID=(Order_ID

7 Product_ID)/unique;

8 quit;

NOTE: Statements not processed because of errors noted above.
NOTE: The SAS System stopped processing this step because of errors.
NOTE: PROCEDURE DATASETS used (Total process time):

real time 0.48 seconds

cpu time 0.09 seconds

A\ If an index exists, it must be deleted before it can
be re-created.
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Managing Indexes with PROC
DATASETS

Advantages Disadvantages

Additional indexes can be created

without re-creating the original
Indexes.

One or more indexes can be
deleted without deleting all of the
iIndexes on the data set.

You can only create indexes on
existing SAS data sets and existing
variables.

PROC DATASETS cannot perform
data manipulation.

If an iIndex exists, it must be
deleted before it can be re-created.
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Managing Indexes with PROCSQL

1
options msglevel=n; Name of Index|
proc sql;

create index Customer ID
on orion.sales history(Customer ID); ™ Variable
create index Product Group Name

on orion.sales history(Product Group);
create unique index SaleID
on orion.sales history(Order ID, Product ID);

quit;

The following code would delete the indexes:

proc sql;
drop index Customer ID, Product Group, SalelD
from orion.sales history;

quit;
p303d03 223




Managing Indexes with PROC SQL

You can use PROC SQL on existing data sets to create
or delete indexes.

General form of the PROC SQL step to create or delete
indexes:

PROC SQL;
DROP INDEX /ndex-name
FROM (able-name;
CREATE <option> INDEX /ndex-name
ON {able-name column-name-1,...
column-name-n);

QUIT;
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Managing Indexes with PROC SQL

Additional indexes can be created
without re-creating the original
Indexes.

One or more indexes can be
deleted without deleting all of the
Indexes on the data set.

You can only create indexes on
existing SAS data sets and existing
variables.

The CREATE INDEX statement
cannot perform data manipulation.

If an index exists, it must be
deleted before it can be re-created.
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Comparing Techniques for Index Creation

INDEX= Data Set Option PROC DATASETS PROC SQL

You can create the SAS data set
at the same time that the index
IS created.

To create an additional index,
you must re-create the existing
indexes.

The DATA step can perform data
manipulation at the same time
that the index is created.

To delete one or more indexes,
you must re-create the other
required indexes.

An existing index can be re-
created without first deleting it.

You can only create indexes on
existing SAS data sets and
existing variables.

Additional indexes can be
created without re-creating the
original indexes.

PROC DATASETS cannot
perform data manipulation.

One or more indexes can be
deleted without deleting all of
the indexes on the data set.

If an index exists, it must be
deleted before it can be re-
created.

You can only create indexes on
existing SAS data sets and
existing variables.

Additional indexes can be
created without re-creating the
original indexes.

The CREATE INDEX statement
cannot perform data
manipulation.

One or more indexes can be
deleted without deleting all of
the indexes on the data set.

If an index exists, it must be
deleted before it can be re-

created. 296



Documenting Indexes

The following can be used to document indexes:
e SAS Explorer
e PROC CONTENTS

e PROC DATASETS
e SAS Management Console
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/
Properties Window in SAS Explorer

& Orion.Sales_history Properties

General I Dietailz I Colurnng [ntegrity I Fazawords I

Index LInique Missing  Owwned by IC Columns
Salell Yes Yes Mo Order_ID, Product_ID
Product_Group Mo Vs Mo Product_Group
Customer_ID Mo Yes Mo Customer_ID

] | I:ar'u::el|
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Index Documentation

TN
proc contents data=orion.sales history; These
run; two
>_ steps
proc datasets lib=orion nolist; produce
contents data=sales history; identical
quit; output.
-
Partial PROC DATASETS Output
Alphabetic List of Indexes and Attributes
# of
Unique Unique
# Index Option Values Variables
1 Customer _ID 1046
2 Product_Group 56
3 SalelD YES 1500 Order_ID Product_ID

p303d04
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L

Chapter 3: Accessing Observations

3.1 Creating an Index

3.2 Using an Index

3.3 Creating a Sample Data Set (Self-Study)
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Objectives

e Describe when an index is used for WHERE statement
processing.

e Describe when an index is not used for WHERE statement
processing.
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Index Usage Possible

An index might be used when a WHERE expression
references one of the following:

e asimple index key variable
e the primary key variable of a composite index

A\

Although a WHERE expression can consist of
multiple conditions that specify different variables,
SAS uses only one index to process the WHERE
expression.
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Index Usage Possible

A WHERE condition might possibly use an index, provided
the condition contains any one of the following:

e acomparison operator or the IN operator
e the NOT operator

 the special WHERE operators (CONTAINS, LIKE,
IS NULL|IS MISSING, and BETWEEN...AND)

e the TRIM or SUBSTR functions (if the second argument of
the SUBSTR function is 1)
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Setup for the Poll

The following indexes were created on the
orion.sales_history data set.

Partial PROC DATASETS Output

Alphabetic List of Indexes and Attributes
# of
Unique Unique
# Index Option Values Variables
1 Customer_ID 1046
2 Product_Group 56
3 SalelD YES 1500 Order_ID Product_ID
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3.05 Multiple Answer Poll

Which of the following WHERE conditions could possibly
use an index?

a. where Product ID=220100300042;
b. where Customer ID ne 3245;

c. where Customer ID=15020 or
Customer ID=14853;

d. where Order ID=1230036183;
e. where Custome:_ID='3245';
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3.05 Multiple Answer Poll — Correct

Answers

Which of the following WHERE conditions could possibly
use an index?

a. where Product ID=220100300042;
where Customer ID ne 3245;

where Customer ID=15020 or
Customer ID= 14853

.where Order ID=1230036183;
e. where Customer_ID='3245' :
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When Is an Index Not Used?

An index is not used in the following circumstances:
e with a subsetting IF statement in a DATA step
e with particular WHERE expressions

e if SAS determines that all observations will satisfy
the WHERE expression

e if SAS determines that it is more efficient to read
the data sequentially
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No Index Usage

SAS does not use an index when a WHERE expression
references an indexed variable if the following conditions
exist:

e No single index can supply all required observations.

e Any function other than TRIM or SUBSTR appears
in the WHERE expression.

e The SUBSTR function does not search a string beginning at
the first position.

e The SOUNDS-LIKE operator (=*) is used.
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Compound Optimization

A WHERE expression that references multiple variables
can take advantage of a composite index.

compound use of a composite index to optimize some
ololilnglvZ\ile]s M \WHERE expressions that involve multiple
variables

where Order ID=240200100038 and
Product ID=1230151326;
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Compound Optimization

For compound optimization to occur, all of the following
must be true:

o At least the first two key variables in the composite index must
be used in the WHERE conditions.

e The conditions must be connected using the AND operator.

At least one condition must use the EQ, equal sign (=), or IN
operator.
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3.07 Multiple Choice Poll

Which of the following WHERE statements can use the
composite index SaleID for compound optimization?

a. where Order ID=240200100038 or
Product ID=1230151326;

b. where Order ID=. and
Product ID=1230151326;

c. where int(Order ID/1000000000)=240
and Product ID=1230151326;

d. where Order ID>240000000000 and
Product ID<1240000000;
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3.07 Multiple Choice Poll — Correct

Answer

Which of the following WHERE statements can use the
composite index SaleID for compound optimization?

a. where Order ID=240200100038 or
Product ID—1230151326

‘uhere Order ID=. and
Product_ID—1230151326‘

c. where int (Order ID/1000000000)=240
and Product ID=1230151326;

d. where Order ID>240000000000 and
Product ID<1240000000;
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WHERE Expression Index Usage

SAS uses the following steps to decide whether
to evaluate a WHERE expression using a sequential
read or using an index:

e Determine whether the WHERE expression can
be satisfied by an existing index.

e Select the best index, if several indexes are available.

e Estimate the number of observations that qualify.

e Compare the probable resource usage for both methods.

#  SAS estimates the I/O operations for indexed
access based on the subset size and sort order.
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Subset Size

33.3%

3%
0%

Data Set

SAS will
use an index.
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Subset Size

SAS will
probably
33.3% use an index.
3%
0%
Data Set SAS will

use an index.
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Subset Size

SAS might
use an index.
SAS will
) probably
33.3% use an index.
3%
0%
Data Set SAS will

use an index.
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Subset Size

The SAS index includes cumulative percentiles or centiles.
By default, SAS stores 21 centiles or every

centiles provide information about the distribution of
values in an index.

249






3.08 Multiple Choice Poll

Which of the following is used to determine the I/O to read
a SAS data set sequentially?

a. the page size of the input data set and the number
of buffers available

b. the number of observations and the number
of variables

c. the page size of the output data set and the number of output
buffers available
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3.08 Multiple Choice Poll — Correct

Answer

Which of the following is used to determine the I/O to read
a SAS data set sequentially?

the page size of the input data set and the number
of buffers available

b. the number of observations and the number
of variables

c. the page size of the output data set and the number of output
buffers available
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Review of Factors Affecting 1/0

The following factors affect I/O:
e size of the subset relative to the size of the data file
e order of data with regard to the chosen index
e page size of the data file
e number of buffers allocated
e cost to uncompress a compressed file for a sequential read
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Data Order

For data that is sorted

and indexed on the same
variable(s), retrieval time
through the index is much
faster than either sorted or
indexed data alone.

where Customer ID in
(70201, 70187, 70175);

Obs Customer_ID
1_g8a3gq 56487 |
8940 70175
8941 74667
32548 89619
[ 32549 70187
32550 76278

AR775 m
| 45776 70201
45777 20209

Fewer pages are
copied into memory
if the data is sorted.

Obs Customer_ID
I51050 70175 |
51051 70177
51052 70180
51053 70181
51054 70183
51055 70184

Z
|51057 70187'
51059 70191
51060 70192
51061 70193
51062 70194
51063 70195
51064 70197
51065 70199
51066 70200 |
151067 70201
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Controlling WHERE"*Processing
Index Usage

You can control index usage for WHERE processing
with these data set options:

IDXWHERE=YES tells SAS to choose the best index to
optimize a WHERE expression and to
disregard the possibility that a sequential
search of the data set might be more
resource efficient.

IDXWHERE=NO tells SAS to ignore all indexes and satisfy
the conditions of a WHERE expression with
a sequential search of the data set.

I OGAWVIS=le SVEREIN[-IMM directs SAS to use a specific index.
A

Use the IDXWHERE=NO option when you know
an available index will not optimize WHERE clause processing.
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Using the IDXWHERE= Option

To ensure that SAS uses an index when printing the data for

Customer_ID in (14844,4983,5862,10032) and
Product_Group contains '‘Shoes’, use the following code:

options msglevel=i;
proc print data=orion.sales history (idxwhere=yes) ;
where Customer ID in (14844,4983,5862,10032)
and Product Group contains 'Shoes';
var Customer ID Product ID Product Group ;
title 'With an Index';
run;

p303d05
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Using the IDXWHERE= Option

Partial SAS Log

1669
1670
1671
1672

INFO:

INFO:

1673
1674
1675

options msglevel=i;
proc print data=orion.sales_history(idxwhere=yes);

where Customer ID in (14844,4983,5862,10032)

and Product_Group contains 'Shoes’;

Data set option (IDXWHERE=YES)forced an index to be used rather
than a sequential pass for where-clause processing.
Index Customer ID selected for WHERE clause optimization.

var Customer_ID Product_ID Product_Group ;

title 'With an Index';
run;
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Using the IDXNAME= Option

Because using the index on Customer_ID returns

a smaller subset than would the index on
Product_Group, the IDXNAME-= data set option can be
used.

options msglevel=i;
proc print data=orion.sales_history (idxname=Customer 1ID) ;
where Customer ID in (14844,4983,5862,10032)
and Product Group contains 'Shoes';
var Customer ID Product ID Product Group ;
title 'With an Index';
run;

AN
Use the IDXNAME= option when you know the better index so
SAS does not need to do the evaluation.

p303d06
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Using the IDXNAME= Option

Partial SAS Log

92 options msglevel=i;
193 proc print data=orion.sales_history(idxname=Customer ID);
194 where Customer ID in (14844,4983,5862,10032)

195 and Product Group contains 'Shoes';

INFO: Index Customer_ ID selected for WHERE clause optimization.
196 var Customer_ID Product_ID Product_Group ;

197 title 'With an Index';

198 run;

NOTE: There were 3 observations read from the data set
ORION.SALES_HISTORY.
WHERE Customer_ID in (4983, 5862, 10032, 14844) and
Product_Group contains 'Shoes’;
NOTE: PROCEDURE PRINT used (Total process time):
real time 0.15 seconds
cpu time 0.01 seconds

259



Maintaining Indexes

Data Management Tasks Index Action Taken

Copy the data set with the
COPY procedure or the
DATASETS procedure

Move the data set with the
MOVE option in the COPY
procedure

Copy the data set with a
drag-and-drop action in SAS
Explorer

Index file constructed for new
data file

Index file deleted from IN=
library; rebuilt in OUT= library

Index file constructed for new
file

continued...
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Maintaining Indexes

Data Management Tasks Index Action Taken

Rename the data set Index file renamed

Rename the variable Variable renamed to new
name in index file

Add observations Value/ldentifier pairs added

Delete observations Value/ldentifier pairs deleted,;

space recovered for re-use

Update observations Value/ldentifier pairs updated
If values change

#  The APPEND procedure and the INSERT INTO
statement in the SQL procedure update the index

file after all the data is appended or inserted. continued...

261



Maintaining Indexes

Data Management Tasks Index Action
Taken

Delete a data set. Index file deleted
proc datasets lib=work;

delete a;
run;

Rebuild a data set with a DATA step or the SQL |ndex file deleted

procedure.
data a; proc sql;

set a; create table a as
run; select * from a;

quit;
Sort the data set in place with the FORCE Index file deleted

option in the SORT procedure.
proc sort data=a force;
by wvar;
run;
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Guidelines for Indexing

Suggested guidelines for creating indexes:

Create an index when you intend to retrieve a small subset of
observations from a large data file.

Do not create an index if the data file page count is less than three
pages. It is faster to access the data sequentially.

Create indexes on variables that are discriminating. These variables
precisely identify observations that satisty WHERE expressions.

When you create a composite index, make the first key variable the
most discriminating.

Consider the cost of maintaining an index for a data file that is

frequently changed. continued...

263



Guidelines for Indexing

e To minimize I/O for indexed access, sort the data by the key
variable(s) before creating the index. Maintain the data file in
sorted order by the key variable to improve performance.

e Minimize the number of indexes to reduce disk storage and update
costs. Create indexes only on variables that are often used in queries
or BY-group processing (when the data cannot be sorted).

e Consider how often your applications use an index.
An index must be used often in order to compensate for the
resources used in creating and maintaining it.

* When you create an index to process a WHERE expression, do not
try to create one index that might be used to satisfy every
conceivable query.
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Index Trade-offs

Advantages Disadvantages

fast access to a small subset
of observations

values returned In sorted
order

can enforce unigueness

extra CPU cycles and I/O
operations to create and
maintain an index

Increased CPU to read
the data

extra disk space to store
the index file

extra memory to load the
Index pages and the
compiled SAS C code to use
the index
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Chapter 3: Accessing Observations

3.1 Creating an Index

3.2 Using an Index

3.3 Creating a Sample Data Set (Self-Study)
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Objectives

 Create a systematic sample.
e Create a random sample with replacement.
e Create a random sample without replacement.
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Business Scenario

The Marketing Department wants to send customer
satisfaction questionnaires to a sample of the customers in
the orion.order fact SAS data set.

Partial Listing of orion.order_fact

Cusi;;)mer EmplI%yee_ Street_ ID Order Date De]].:)i;::eery_ Order ID
» 63 121039 | 9260125492 11JAN2003 11JAN2003 1230058123
5| 99999999 | 9260114570 15JAN2003 19JAN2003 1230080101
45 | 99999999 | 9260104847 20JAN2003 22JAN2003 1230106883
‘ 41 120174 | 1600101527 28JAN2003 28JAN2003 1230147441
183 120134 | 1600100760 27FEB2003 27FEB2003 1230315085
-
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Business Scenario

Select a subset by reading every 5oth observation from
observation number 1 to the end of the SAS data set.

data subset;
® do PickIt=1l to TotObs by 50; @
set
orion.order fact (keep=Customer ID
Employee ID Street ID
Order 1ID)
point=PickIt
nobs=TotObs; O®
output; @
end;
stop; ©®
run;
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3.09 Quiz

Are POINT= and NOBS= individual statements
or part of the SET statement?

data subset;
do PickIt=1 to TotObs by 50;
set orion.order fact(keep=Customer ID
Employee ID Street ID Order ID)
point=PickIt
nobs=TotObs;
output;
end;
stop;
run;

p303d07
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3.09 Quiz — Correct Answer

data subset;
do PickIt=1] to TotObs by 50;
set orion.order fact (keep=Customer ID
Employee ID Street ID Order _ID)
point=PickIt
nobs=TotObs;
output;
end;
stop;
run;

POINT= and NOBS= are part of the SET statement.

p303d07
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Using the POINT= Option

To create a sample, use the POINT= option in the
SET statement.

General form of the POINT= option:

SET data-set-name POINT = point-variable;

The point-variable has the following attributes:

* names a temporary numeric variable that contains
the number of the observation to read

e must be given a value before the execution of the
SET statement

e must be a variable (for example, X) and not a constant value (for
example, 12)

e must be a valid observation number
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Using the Number of Observations

You can use the NOBS= option in the SET statement

to determine how many observations there are in a
SAS data set.

General form of the SET statement:

SET SAS-data-set NOBS=variable;

The NOBS= option creates a temporary variable whose
value has the following characteristics:

e is the number of observations in the input data set(s)
e is assigned during compilation
* isretained

e should not be modified during execution
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Using the STOP Statement

The POINT= option has the following features:
e uses direct-access read mode
e does not detect the end-of-file marker

To prevent the DATA step from looping continuously,
use the STOP statement.

General form of the STOP statement:

STOP;
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Compilation

PDV

data subset;

do PickIt=1 to TotObs by 50;

set orion.order fact
(keep=Customer ID
Employee ID
Street ID
Order 1ID)
point=PickIt
nobs=TotObs;
output;
end;
stop;
run;

bPickIt

E’Eot
Ob

S

Customer I | Employee I

D D Street_ ID

Orde;_ID

617

p303d07
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Execution

Partial Listing of
orion.order fact

Customer
_ID

Employee
_1ID

data subset;

set orion.order fact
(keep=Customer ID
Employee ID
Street ID
Order ID)
point=PickIt
nobs=TotObs;

do PickIt=1] to TotObs by 50;

4

output;
end;
stop;
run,
PDV
Tot
bPickIt %b CUSt‘;mer—I Empl‘;yee—I Street ID | Order ID &N
< - _ > N_

617
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Execution

Partial Listing of

orion.order fact

data subset;
do PickIt=1 to TotObs by 50;

Customer | Employee set orion.order fact
L0 L (keep=Customer ID
1 63 121039 Employee ID
Street ID
Order 1ID)
point=PickIt
nobs=TotObs;
output;
end;
stop;
run;
PDV
bPickIt EOt Customer 1 | Employee I | o .ot 1ID| Order ID &N
Obs D D — - - =
1 617 63 121039 9260125492 1230058123 1
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Execution

Partial Listing of
orion.order fact

data subset;
do PickIt=1 to TotObs by 50;

Customer Employee set orion. order_fact
_1D _1D (keep=Customer ID
1 63 121039 Employee ID
Street ID
Order ID)
point=PickIt
nobs=TotObs;
output;
end; Output current
stop; .
run observation.
PDV
bPickIt EOt Customer 1 | Employee I | o .ot 1ID| Order ID & N
Obs D D - - - =

617 63

121039 9260125492 1230058123
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Execution

Partial Listing of
orion.order fact

data subset;

do PickIt=1 to TotObs by 50;

Customer Employee set orion.order_fact
_1D _1D (keep=Customer ID
1 63 121039 Employee ID
Street ID
Order 1ID)
point=PickIt
nobs=TotObs;
output;
end;
stop;
run;
PDV
bPickIt ﬁ:: CUSt%mer—I Empl%yee—I Street  ID | Order ID &_N_

51

617 63

121039 9260125492 1230058123
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Execution

Partial Listing of
orion.order fact

data subset;

do PickIt=1] to TotObs by 50;

Customer Employee set orion.order_fact
_1D _1D (keep=Customer ID
1 63 121039 Employee ID
Street ID
Order 1ID)
point=PickIt
nobs=TotObs;
output;
end;
stop;
run;
PDV
bPickIt S}:z CUSt‘;mer—I Empl‘;yee—I Street  ID | Order ID &_N_

51

617 63

121039 9260125492 1230058123
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Execution

Partial Listing of
orion.order fact

data subset;

do PickIt=1 to TotObs by 50;

Customer | Employee set orion.order fact
_1ID _1ID (keep=Customer ID
Employee ID
Street ID
Order 1ID)
point=PickIt
nobs=TotObs;
output;
51 17023 | 99999999 end;
stop;
run;
PDV
Tot
bPickIt %b CUSt%mer—I Empl%yee—I Street ID | Order ID &N
< _ — S

51

617 17023

99999999 2600100021 1230931366
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Execution

Partial Listing of
orion.order fact

Customer
_ID

Employee
_1ID

data subset;
do PickIt=1 to TotObs by 50;
set orion.order fact
(keep=Customer ID
Employee ID
Street ID
Order 1ID)
point=PickIt
nobs=TotObs;

output;
51 17023 | 99999999 end; Output current
stop; .
run observation.

PDV

Tot
bPickIt & Customer I | Employee I | o cet ID| Order ID & N

Obs D D - - ==

51 617 17023 99999999 2600100021 1230931366 1
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Execution

Partial Listing of
orion.order fact

data subset;

do PickIt=1 to TotObs by 50;

Customer Employee set orion.order_fact
_1D _1D (keep=Customer ID
Employee ID
Street ID
Order 1ID)
point=PickIt
nobs=TotObs;
output;
51 17023 | 99999999 end;
stop;
run;
PDV
bPickIt EOt Customer I | Employee I | o, .ot 1ID| Order ID &N
Obs D D — — - —

101

617 17023

99999999 2600100021 1230931366
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Execution

Partial Listing of
orion.order fact

Customer
_ID

Employee
_1ID

PickIt > TotObs
data subset;

do PickIt=1] to TotObs by 50;
set orion.order fact
(keep=Customer ID
Employee ID
Street ID
Order 1ID)
point=PickIt
nobs=TotObs;

output;
end;
stop;
run,
PDV

Tot I
bPickIt %b CUSt%mer—I Empl%yee— Street ID | Order ID &N
< - _ > N_

651

617 215

120175 1600102721 1243963366
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Execution

Partial Listing of
orion.order fact

Customer
_ID

Employee
_1ID

data subset;
do PickIt=1] to TotObs by 50;
set orion.order fact
(keep=Customer ID
Employee ID
Street ID
Order ID)
point=PickIt
nobs=TotObs;

output;
end;
2o Execution stops.
run,
PDV
Tot
bPickIt 50 Customer I | Employee I | .. ..t ID| Order ID &N
Obs D D — — g

651

617 215

120175 1600102721 1243963366
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Resulting Data Set

Partial Listing of subset

Obs

OCoOoJonUldWN KR

Customer_ID

63
17023
17
195
41
11171
10

53

90

89

27

41
215

Systematic Sample

Employee ID

121039
99999999
121037
120160
120134
99999999
121043
120121
121040
121061
99999999
120195
120175

Street_ID

9260125492
2600100021
9260123306
1600101663
1600101527
2600100032
9260129395
1600103258
9260111614
9260116551
9260105670
1600101527
1600102721

Orde:_ID

1230058123
1230931366
1231757107
1232590052
1233545775
1235176942
1237327705
1238674844
1239543223
1240549230
1241930625
1242838815
1243963366
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Creating a Random Sample

Instead of creating a systematic sample, create a random
sample where each observation has an equal chance of
being selected.

There are two types of random samples:

e with replacement, where an observation might be selected
more than one time

e without replacement, where an observation cannot
be selected more than once

You can use the RANUNI function to generate random
numbers from a uniform distribution.

General form of the RANUNI function:

RANUNI(seed)
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Using the RANUNI Function

The RANUNI function returns a rational number
between o and 1 (non-inclusive) generated from a
uniform distribution.

e e e -

0 ranuni(seed) 1
Examples:

Random number
01253689

95196500
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Using the RANUNI Function

If you want a number between o and 5 (non-inclusive),
multiply the number returned from the RANUNI function

by 5.

B . — g

0 ranuni(seed) * 5 5

Examples:
Random number* 5

01253689 = 0.06268445
95196500 = 4.75982500
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Using the RANUNI and CEIL Functions

If you want an integer between 1and 5 (inclusive), use the
CEIL function on the number returned by multiplying the
random number by 5.

—0—0—0—0—0—

1 2 3 4 5
ceil(ranuni(seed) * 5)

Examples: Random number* 5 CEIL( )

01253689 = 0.06268445 =>» 1
95196500 = 4.75982500 =>» 5
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Setup for the Poll

Instead of the CEIL function, would the INT function

return the same results?

/

ceil (ranuni (seed) *

S)

int (ranuni (seed) *

S)
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3.10 Poll

Instead of the CEIL function, would the INT function return
the same results?

O Yes
O No
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3.10 Poll — Correct Answer

Instead of the CEIL function, would the INT function return
the same results?

O Yes

&

The INT function returns the integer portion of
its argument, which could possibly be 0 and
never be 5.
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Using the SURVEYSELECT Procedure

The SURVEYSELECT procedure has the following
attributes:

e provides a variety of methods for selecting probability-based
random samples

e can select a simple random sample or can sample according to
a complex multistage sample design
that includes stratification, clustering, and unequal
probabilities of selection

e is part of SAS/STAT
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Using the SURVEYSELECT Procedure

This program creates a SAS data set, ordersample, that
contains 10 observations randomly selected, without
replacement, from the orion.order_fact SAS data set.

proc surveyselect data=orion.order fact
(keep=Customer ID
Employee ID
Street ID Order ID)
out=ordersample
method=srs n=10;
run;

p303d10
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Using the SURVEYSELECT Procedure

General form of the SURVEYSELECT procedure:

PROC SURVEYSELECT
options,
STRATA variables;
CONTROL variables;
SIZE variable
ID variables;
RUN;
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Using the SURVEYSELECT Procedure

The PROC SURVEYSELECT statement performs
the following tasks:

e invokes the procedure
e can, if you choose, identify input and output data sets

e specifies the sample selection method, the sample size, and
other sample design parameters

The PROC SURVEYSELECT statement is the only statement
required to create a simple random sample.
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Options for the SURVEYSELECT
Procedure

The following options can be specified in the
PROC SURVEYSELECT statement:

To do this: Use this option:

Specify the input data set DATA=

Specify the output data set OUT=

Suppress displayed output NOPRINT

Specify selection method METHOD=

Specify sample size SAMPSIZE=
N=

Specify random number seed SEED=
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Methods Used by the SURVEYSELECT
Procedure

Selected values for the METHOD= option are as follows:

SYS This method of systematic random sampling selects
units at a fixed interval throughout the sampling frame
or stratum after a random start.

This method of unrestricted random sampling selects
units with equal probability and with replacement.
Because units are selected with replacement, a unit
can be selected for the sample more than once.

This method of simple random sampling selects units
with equal probability and without replacement. The
selection probability for each individual unit equals
n/N.
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Using the SURVEYSELECT Procedure

This program creates a SAS data set, ordersample, that
contains 10 observations randomly selected, without
replacement, from the orion.order_fact SAS data set.

proc surveyselect data=orion.order fact
(keep=Customer ID
Employee ID
Street ID Order ID)
out=ordersample
method=srs n=10;
run;

p303d10
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Using the SURVEYSELECT Procedure

In addition to creating the SAS data set, ordersample,

PROC SURVEYSELECT provides the following information

in the Output window:

The SURVEYSELECT Procedure

Input Data Set

Random Number Seed
Sample Size

Selection Probability
Sampling Weight

Selection Method Simple Random Sampling

ORDER_FACT
525990001

0.016207

Output Data Set ORDERSAMPLE
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Comparison of the DATA Step and the
SURVEYSELECT Procedure

DATA Step PROC SURVEYSELECT

full power of DATA step less coding

processing

can create multiple output one output data set with
data sets additional statistics

part of Base SAS part of SAS/STAT
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4. Credit scoring- historie,
zakladni pojmy
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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( vici 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
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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”.
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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 National 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
bureau service.
1984 FI develops first bureau scores used for pre-screening.
1987 MDS develops first bureau scores used for bankruprey prediction.
1995 Mortgage securitisers Freddy Mac and Fannie Mae adopt credit scoring.
2000 Moody's KMV introduces RiskCale for financial ratio scoring (FRS).
2000s Basel Il implemented by many banks.
Zdroj: Anderson

affordable = dostupny

iris species = druhy kosatcll

Charge card = kreditni karta

Propensity scorecard = scoringova karta pro
modelovani nachylnosti (k nakupu)

FI = splolecnost Fair, Isaac...dnes FICO
Mortgage = hypotéka
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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 Tear 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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Historie -detail

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

Zdroj: Anderson
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Historie -detalil

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
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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,

/\ kurzh

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) 324



Why Manage Risk? %

£

$

¥ € 2
€

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)
 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).

328



FICO™ Blaze Advisor®
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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

30/60/90 Delinquency

Resp/approve/delq

Bankruptcy

Response/profit

Write-off

Risk/churn/profit

Claim

Profit

Fraud

Collections

Mktg/CRM

Response

Churn

e Revenue

Cross sell
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Scoring in approval process

Client (new)

Policy declines — low
age, unsufficient
length of employment,

rejection

“terorrist” etc.

Scoring on fraud
and default

cutoffs on RAROA

rejection

What is the probability
that client will pay?

Will the contract be

profitable?

rejection

Is the number of
client's phone valid?
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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

e Risk control for CRM initiatives.

Utilities
e Security deposit
e 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
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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.

342



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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5. Metodologie vyvoje
scoringovych funkci

Bad Rate Development

Sample

7%

6%
5% -
4% A
3% -
2% o
1% 1

W
wvin

Window

Performance

0%

Mar §
Jan-02 |

Nuv_

Se|

Month Opened

30 days

60 days

90+ days

60 days 90+ days

Current deliquency [ no deliquency [ 30 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.
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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
« 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.

350



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
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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 is a “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.
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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.
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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". 374



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. 375



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) 376



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.. 380



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%

382



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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L

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% | <¢ummmm
Source of business

Internet 20% | <=
Branch 3% | (e
Broker 8% | <——=
Phone 149, | <Cm—
Applicant Type

First Time buyer 5%
Renewal Mortgage 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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Comparing Improvement

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?
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Statistically Based Segmentation

* Less preconceived notions
e Clustering
e Decision Trees.
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Clustering

Clustering

Showing 3 distinct groups and one outlier.
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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 nasleduijici 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

Basic Statistical Measures

Location

Variability

Mean 0.047669
Median 0.033093

Mode

Std Deviation
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
glzchgtplr%tv?kg;?;)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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Cviceni
/* analyza kohort */

%let target=bad30;
%let date=dat30;

data cohorts;
set indata.accepts (keep=datappl bad: dat:);

if &target then gtr=int(yrdif(datappl,&date,'act/act')*4)+1;

datappl=intnx(‘month’,datappl,0);

format datappl mmyys7.;

run;

proc freq data=cohorts noprint;

table datappl / out=cohortsl (drop=percent

rename=(count=counttotal));

table datappl*qtr / out=cohorts (drop=percent);

run;

data cohorts;

merge cohorts cohortsi;

by datappl;

if first.datappl then cumpct=.;

if gtr ne . then do;
cumpct+(count/counttotal);
output;

end;

run;

ods html path="&appl_root" file='2.cohorts.html’;
title "Cohort analysis for &target";

proc tabulate data=cohorts missing format=percent8.4;

class datappl gtr;

var cumpct;

table datappl,gtr*cumpct="*sum=";
run;

ods html close;

Cohort analysis for bad30

qir

1 2 3
Date of application/opening
01/2000 5.087% 6.652%
02/2000 8.327% 6887 7TD55%
022000 S401% 64413 B484%
04/2000 54568% 62543 6387%
05/2000 G.600% 7.648%
06/2000 5218% 5724%
0712000 5437% 6.130%
08/2000 6.321% 7.401% 7455%
092000 6.345% 7.018%
10/2000 6.023% &.782%
11/2000 5613% 6104% 6213
12/2000 6.400% 7.385%
012001 6.064% T.900%
022001 5.836% 6.800%
032001 8271% &6.786% ©6B76%
04/2001 8.835% T7.870% 7B25%
05/2001 6.201% &.884%
06/2001 5301% 5.9883% 6051%
oFzo01 4[50% 5.728%
082001 8.330% 7.37T7%
092001 B.378% T7.118%
102001 G.448% 7.200%
112001 5.056% 6.415%
122001 5621% 6.704% 8761
0172002 5.668% 6.812% .
0272002 5013% 6684% 6B12%
032002 5.024% 6.408%
0472002 5.776% 6.426%
05/2002 5.304% 5.4T4%
06/2002 6.070% 6&.000%
072002 5.374% 5BITH
0B/2002 5405% 5.8XI%
08/2002 5403% 5.880%
10/2002 4 f608%
1172002 2 583%
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Cviceni

/* performance window */
%let performancewindow="'31dec2002'd>=datappl;

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;
format datappl yyqs7.;

where &performancewindow;

label datappl='Month opened'’;

run;

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;

quit;

title 'Bad rate development’;

proc gplot data=brdev;

plot (bad:)*datappl / name="_2perf' grid overlay legend hreverse
vaxis=axisl hminor=0;

run;

quit;

ods html close;

Bad rate

Bad rate development

0.07

0.067

0.057

0.044

0.034

0.024

0.014

0.004

T
200214

T
200213

T T T
200212 20021 2001/4

PLOT ®-&&Badi0_Mean

T T
200113 200112
Month opened

®-8-8Bad60_Mean

T T
20011 2000/4

&-8-8B3d30_Mean

T
2000/3

T
200002

T
20001
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C Te 1
/* 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|1 i='] V=d0t; l rrrrr T T T T T T T T rrrorTT rrrrrrrT T T T T T T rrrorTT rrrrTT rrrorTT T
axisl IabeI=(‘Bad rate'); 01/2000 04/2000 O07/2000 10/2000 01/2001 04/2001 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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C o V Y 4
/* 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; Badrt

Several bad rates development

0

T g T v T g T g T v T g T g T g T g T g T v
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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6. Priprava dat Il

Bad rates

Group of age
0

Bad/ Good frequencies

0.0% 20% 4.0% 6.0% 8.0% 10.0%

Group of age
0

8

9

-60.00 -40.00 -20.00 0.00

Weight of evidence

20.00 40.00 60.00 B80.00 100.00 120.00



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!!! 423



Sampling

e Development, validation

* 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

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;

data develop;
set develop; /In (pito / PoTt,)
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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, 431




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;

L]
L X 4
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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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Process Flow — Application Scorecard

Explore Data
Data Cleansing

Validate

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
Scorecard
 Scaling

» Assessment

Validate s
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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%) -



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)
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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)




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 - 100 ; : : : : ; Fr"r"
Q0 |- f ; ; : : ; :
50 ; ; ‘ ] ; : 3 ; :
: : : : - : 3 : 8 80 Lo e
I S : : ; ©
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_69- 40 PRSP DN UOPECOMM OG- ............. ERRERERE: S (. £ S S B
= : ] : : ; 7 : . [
. \ e 2 |E B 3 1. w 60
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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.
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Logical Trend

Predictive Strength

200

150 +
100

50 T

0 i
'g
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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
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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.

454



Stability check

Check the stability of grouping throughout the whole developmnet
time window:

age fr pot risky all | segment
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3z 5. 20

3 | 1 4.85
41 N L

] .07
O 218
wonya a0 12.11
15 F.0l
iZ -

e | 1 4 .41

+1 5,958
&1 .15
60 .21
LA S B B B B B B B B B B B B B B B I B B S B B B B B B B B S B B B I R S B B S B B B B S B B B B B B B S B B S B R |
1 2 3 4 & ] a i 11 12 13

Poth_011 SUN
C_age_Fr I 20 I 74 I 7  e— )} 1 | e -y | | — -

quaorizr
0063

455



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_nO;
_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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Cviceni

[*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 2957 4.6% 2662 44% 295 7.2% 10.0% -48.69
30 -60 30 -60 58713 90.9% 55057 91.0% 3656 88.8% 6.2% 252
nad 60 nad 60 2919 4.5% 2752 4.6% 167 4.1% 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% 7.1% -11.54
17-22 17-22 37859  58.6% 35567 58.8% 2292 35.7% 6.1% 552
22-27 22-27 13680 21.2% 12820 21.2% 860 20.9% 6.3% 1.50
nad 27 nad 27 980 1.5% g71 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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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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Cv

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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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% T14 17.3% 55% 15.18
2 18822-20398 12918 20.0% 12122 20.0% 796 19.3% 6.2%  3.64
3 20398 -22339 12918  20.0% 12102 20.0% g16 19.8% 63% 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)
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Cvicen

V4

Attributes of idratio

Group of idratio

Income
Debt ratio

0.0175 - 0.0225

0.0225-0.0

| ]

Lid

9

0.0293 - 0.0421

0.0421-00714

0.0714 - 0.2995

Bad / Good by Income/Debt ratio

Total
N %
12917  20.0%
12918 20.0%
12918 20.0%
12918  20.0%
12918  20.0%
64389 100.0%

Good
N of Good % of Good
11994 19 8%
11998 19 8%
12061 19.9%
12216 20.2%
12202 20.2%
60471 100.0%

Unpredictive (IV = 0.0160, 5 groups)

Bad

Nof Bad % of Bad
923 22 4%

920 22.3%

857 20.8%

702 17.0%

716 17 4%

4118  100.0%

Measures

Bad rate WOE
7.1% -1223
71% -11.87
66% -425
54% 1698
55% 1489
6.4%
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Cviceni

Tvpe

BINARY
BINARY
BINARY
INTERVAL
INTERVAL
INTERVAL
ORDINAL
ORDINAL

ORDINAL

Tvpe

BINARY
BINARY
BINARY
INTERVAL
INTERVAL
INTERVAL
OFRDINAL
OFDINAL

ORDINAL

Profiles for target DATA ACCEPTS BAD30

Label

SEX - Sex

CLIENT - Existing client?

PHONE - Phone member?

AGE - Age

IDEATIO - IncomeDebt ratio

INCOME - Income

REGION - Region

AGE GEP - Age sroups

INCOME GEP - Income groups

Information
value

0.0133

0.0126

0.0102

0.0931

0.0160

0.0080

0.0483

0.0146

0.0118

Note

Unpredictive (IV = 0.0133, 2 groups)
Unpredictive (IV = 0.0126, 2 groups)
Unpredictive (IV = 0.0102, 2 groups)
Weak predictivity (IV = 0.0931, 5 groups)
Unpredictive (IV = 0.0160, 5 groups)
Unpredictive (IV = 00080, 5 groups)
Weak predictivity (IV = 0.0483, 6 groups)
Unpredictive (IV = 0.0146, 3 groups)

Unpredictive (IV = 0.0118, 4 groups)

Format

g4

COMMAZX20.

466



7. Uvod do shlukové analyzy (SA).

Hierarchicka SA
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Uvod

Shlukova (klastrova, z angl. Cluster) analyza je metoda, ktera
na zdkladé informaci obsazenych ve vicerozmérnych
pozorovanich rozttidi zakladni mnozinu objekt do nékolika
relativné stejnorodych shluk@. Uvazujeme datovou matici
typu n x p, kde n je pocet objekti a p je pocCet proménnych.
Uvazujeme rGzné rozklady mnoziny n objekt do g shlukt a
hledame takovy rozklad, ktery je z wurcitého hlediska
nejvyhodnéjsi. Cilem je dosahnout stavu, kdy objekty uvnitf
shluku jsou si podobné co nejvice a objekty z rtiznych shluka
si jsou podobné co nejméné.
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Unsupervised Learning

Metody shlukové analyzy patii mezi tzv. ,unsupervised
learning” metody.

“Learning without a priori knowledge about the
classification of samples; learning without a teacher.”

Kohonen (1995), “Self~-Organizing Maps”
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Cluster Profiling

e Cluster profiling can be defined as the derivation of a class
label from a proposed cluster solution.

e The objective is to identify the features, or combination of
features, that uniquely describe each cluster.

small-investors

o youn’g:ep.biggimtesmrs older, big mvestors
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Types of clustering

e RozliSujeme tfi zdkladni shlukovaci metody:

Hiearchické shlukovani (hierarchical clustering),

Shlukovani s pfedem neznamym poctem shluki - s moznym
prekryvem shlukt (overlapping clusters),

Shlukovani do predem daného poctu shluka (partitive/partitioning
methods).

Fuzzy shlukovani - fuzzy shluky jsou definovany stupném
prislusnosti objektt do danych shlukd.
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Klasifikace shlukovacich algoritmu

e Hiearchické shlukovaci algoritmy:
» Aglomerativni
« Divisive

e Partitioning algoritms:
« K-means

« K-medoids
» Probabilistic
« Density based

e Grid-based algoritms

e Constraint-Based Clustering
e Evolutionary Algoritms

e Scalable Clustering Algoritms
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Hierarchical Clustering

Agglomerative

Divisive




Problems with Hierarchical Clustering
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Partitive Clustering

® The goal of partitive clustering is to minimize or maximize some

specified criterion.

Initial State

reference vectors (seeds)

Final State

observations
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Problems with Partitive Clustering

e Many partitive clustering methods

a. make you guess the number of clusters present,

b. make assumptions about the shape of the clusters, usually that
they are (hyper)spherical, and

. are influenced by seed location, by outliers, even by the order
the observations are read in.

e It is impossible to determine the optimal grouping, due to
the combinatorial explosion of potential solutions.
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Problems with Partitive Clustering

The number of possible partitions of n objects into g groups
is given by:

=5y

g ' m=1 m

For example, the number of partitions of 50 observations
into 4 clusters, N(50,4), is equal to 5.3 x 10%%. N(100, 4)
generates 6.7 x 105° partitions. Complete enumeration of
every possible partition, therefore, is generally impossible.
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Heuristic Search

Generate an initial partitioning (based on the seeds)
of the observations into clusters.

Calculate the change in error produced by moving each
observation from its own cluster to another.

Make the move that produces the greatest reduction.

Repeat steps 2 and 3 until no move reduces error.
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Hierarchicka shlukova analyza

e Je tfeba zvolit:

o jak mérit vzdalenost/(ne)podobnost mezi objekty
(euklidovska,...)

do auvahy je tfeba vzit typ dat (intervalova, nominalni,...)

znacnou roli také hraje souméritelnost dat -> standardizace
(z-skore, ...)

o jak mérit vzdalenost/(ne)podobnost mezi shluky
(wardova,...)

o jak urcit finalni rozklad objektt do shlukti
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Priklad aglomerativniho hiearchického
shlukovani

e UvaZujeme 5 objekttt A,B,C,D a E popsanych ¢tyfmi proménnymi X1-X4.
e Neprovadime zadnou standardizaci.
e Vzdalenost mezi objekty mérime pomoci euklidovské vzdalenosti.

e Vzdalenosti mezi shluky méfime pomoci metody priimérné vzdalenosti
(average linkage).

Data: Matice vzdalenosti:
obj | x1 | x2 | x3 | xa A B C D E
A | 100 | 80 | 70 | 60 A 0 0 0 0 0
B 80 | 60 | 50 | 40 B | 40,00 | o0 0 0 0
C 30 | 70 | a0 | 50 c |3873] 1732 o 0 0
D 20 | 20 | 20 | 10 D |110,45| 70,71 | 78,10 | o 0
£ 0 | 10 | 20 | 10 E |111,36| 72,11 | 80,62 | 1414 | O
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riklad aglomerativniho hiearchického
shlukovani

1. krok:

» V matici vzdalenosti hleddame nejmensi hodnotu. V nasem ptipadé je to 14,1 (vzd.
mezi DaE).

« Slouc¢ime objekty D a E do shluku D’ , zmensime a piepo¢teme matici vzdalenosti.
Pouzivame metodu primeérné vzdalenosti, takze:

Dy = %(70,7 +721)=714

1
ZZd(x X, )= —1104+1114) 1109 1
icAjeD 2
Npicaj 1
Doy =—(781+80,6)79,35
1.2
A B C D E
A 0 0 0 0 0 A B C D'
B |4000| o 0 0 0 A 0
c [3873]1732] o 0 0 » B |4000]| o0
D |[110,45)( 70,71 ][ 78,10)] o 0 C |[3873 | 17,3 0
E  |l11,36)( 72,11 )| 80,62)| 14,14 | © D' | 110,90 71,41 ]| 79,36]| O
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Priklad aglomerativniho hiearchického
shlukovani

2. krok:

» Vredukované matici vzdalenosti hledime nejmensi hodnotu. V nasem ptipadé je to
17,3 (vzd. mezi Ba C).

« Slouc¢ime objekty B a C do shluku B’ , zmensime a prepocteme matici vzdalenosti.

A B

0 0

o|o|o|n

40,00 0

ZZd( )—i (40+38,7)=139,35

38,73 | 17,32

o|o|o|(o|0

m(o|o|w|>

o|o|o|o|jo|m

LAENES L2 T e
L S S d (k% )= (70,7+ 781+ 721+ 80,6)= = (71.4+ 79,3) {75375
nD Ny icojcp 2- 2 2
A B C D’ A 5 >

0
(30,00 ]| 0 » B [[3936] o
3873) 173 | o D' [110,90][7539]] o

110,90 || 71,41 | 79,36 0

Olo|lw|>
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riklad aglomerativniho hiearchického
shlukovani

3. krok:

« Vredukované matici vzdalenosti hleddme opét nejmensi hodnotu. V nasem piipadé
jeto 39,3 (vzd. mezi A a B).

« Slouc¢ime objekty A a B’ do shluku A’ , zmensime a pfepocteme matici vzdalenosti.

ZZd(x ;)= = (110,45+111,36+ 70,71+ 72,11+ 7810+80,62)

D icA'jeD 3 2

%(110,90+ 2-75,39) =l87;23

A B

0 0

40,00 0

o|o|o|n
o|o|o|o|0

38,73 | 17,32

mo|o|(w|>
o|o|o|o|o|m

110,45 | 70,71 | 78,10)

111,36 | 7211 anlﬁd 14,14

A B' D'

>

A 0 A' D'
B' 39,36 0 ' 0
D' 110,90 | 75,39 0 D' 87,23 0

Pozor!!! Slucuji se dva nestejné velké objekty a nelze tedy pocitat obycejny primeér praméra!
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Priklad aglomerativniho hiearchického
shlukovani

proc distance data=aaa method=euclid out=dist;
var interval(X1 X2 X3 X4);

Id obj;

run;

proc cluster data=dist method=ave outtree=tree nonorm;
id obj;
run;

proc tree data=tree horizontal,
id obj;
run;
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Priklad aglomerativniho hiearchického
shlukovani

D, =87,23

Average Distance Between Clusters
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Priklad aglomerativniho hiearchického
shlukovani

obj | X1 | X2 | X3 | x4
» 87,2-39,4=478 100 80 70 60
B > 80 | 60 | 50 | 40
80 | 70 | 40 | 50
O 394-173=221 » 40 20 20 10
S 50 | 10 | 20 | 10
gggggggggggggggggggggggg A B C D E
0
40 0

38,73 | 17,321 0
110,45 70,71 | 78,10 0
111,36 ( 72,11 | 80,62 | 14,14 0

o Ur¢ili jsme tedy dva shluky A’ ={A, B, C} a D’ = {D, E}.
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What Is Similarity?

e To illustrate the difficulties involved in judging similarity,
consider your answer to the following question:

Which is more similar to a duck,
a Crow or a penguin?

e The answer to this question largely depends on how you
choose to define similarity.

e Volba miry (ne)podobnosti zavisi na typu proménnych
(nominalni, ordinalni, pomérové, intervalové, binarni).
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Principles of a Good Similarity Metric

e The following principles have been suggested as the
foundation of a good similarity metric:

. symmetry: d(x,y)=d(y,x).
.. non-identical distinguishability: if d(x,y)=0 then x=y.
5. identical non-distinguishability: if d(x,y)=0 then x=y.

e Most good metrics are also consistent with the triangle
inequality: d(x,y) < d(x,z) + d(y,z).
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The DISTANCE Procedure

General form of the DISTANCE procedure:

PROC DISTANCE DATA=SAS-data-set
METHOD=similarity-metric
<options>;
VAR level (variables </ option-list >);
RUN;

A distance method must be specified (no default), and all
input variables are identified by level.

Vice na:
http://support.sas.com/documentation/cdl/en/statugdistance/61780/PDF/default/statugdistance.pdf
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The DISTANCE Procedure

Metody méteni vzdalenosti v SASu:

Method Range Type |Accepting variables Method Range Type |Accepting variables
GOWER Oto1l sim all HAMMING Oton dis Nominal

DGOWER Oto1l dis all MATCH Otol sim Nominal

EUCLID >0 dis Ratio, interval, ordinal DMATCH Oto1l dis Nominal

SQEUCLID >0 dis Ratio, interval, ordinal DSQMATCH Oto1l dis Nominal

SIZE >0 dis Ratio, interval, ordinal HAMANN -1to1l sim Nominal

SHAPE >0 dis Ratio, interval, ordinal RT Oto1l sim Nominal

cov >0 sim Ratio, interval, ordinal SS1 Oto1l sim Nominal

CORR -1to1l sim Ratio, interval, ordinal SS3 Oto1l sim Nominal

DCORR Oto2 dis Ratio, interval, ordinal DICE Oto1l sim Asymmetric nominal
SQCORR Oto1l sim Ratio, interval, ordinal RR Otol sim Asymmetric nominal
DSQCORR Oto1l dis Ratio, interval, ordinal BLWNM Oto1l dis Asymmetric nominal
L(p) >0 dis Ratio, interval, ordinal K1 >0 sim Asymmetric nominal
CITYBLOCK >0 dis Ratio, interval, ordinal JACCARD Otol sim Asymmetric nominal, ratio
CHEBYCHEV >0 dis Ratio, interval, ordinal DJACCARD Oto1l dis Asymmetric nominal, ratio
POWER(p,r) >0 dis Ratio, interval, ordinal

SIMRATIO Oto1l sim Ratio

DISRATIO Otol dis Ratio

NONMETRIC| Otol dis Ratio

CANBERRA Otol dis Ratio

COSINE Oto1l sim Ratio

DOT >0 sim Ratio

OVERLAP >0 sim Ratio

DOVERLAP >0 dis Ratio

CHISQ >0 dis Ratio

CHI >0 dis Ratio

PHISQ >0 dis Ratio

PHI >0 dis Ratio
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Euclidean Distance

k
e = x—wj = [> (% -y,
i1=1

e Euclidean distance gives the linear distance between any
two points in n-dimensional space.

e It is a generalization of the Pythagorean theorem.
2

h=_>"x2
=1

(O )

 (Xp Xo)
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City Block (Manhattan) Distance

d

Dy, =2, % =¥

=1

e The distance between two points is measured along the

sides of a right-angled the triangle.

e It is the distance that you would travel if you had to walk
along the streets of a right-angled city.

(X1:%,)

(Y1,Y2)

-
-
-
-
-
L
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Hamming Distance

d
DH = Z ‘Xi — Yi‘
i=1

12345 .. 17
GeneA 01100100100111001

GeneB 01110000111111011

Dy = 0001 010001100001 0=5

Gene expression levels under 17 conditions
(low=0, high=1)
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Power Distance

d
DP :r\/z ‘Xi ~ Yi‘q
i=1

Minkowského metrika (r=q)
Hemmingova vzdalenost (r=q=1)
Euklidovska vzdalenost (r=q=2)
Cebysovova vzdalenost (r=q->)
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Correlation

Similal (+1)

No Similarfty (0)

bi;si'rpilar (-1)
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Density-Based Similarity

[ ) °
o o oo o
° ® o0 © 4. ....... > o ®
° o ~ similarity o o ®
® ®
°
°
density estimate 1 density estimate 2
(cluster 1) (cluster 2)

e Density-based methods define similarity as the distance
between derived density “bubbles” (hyper-spheres).
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) : v
Gower’s Metric > w6, () ()
Deower =

Gower
Zvv i(xY)

W; ...vaha pro j-tou proménnou

e For nominal, ordinal, interval, or ratio variable: 9; (xy)=1

e For asymmetric nominal variable: 5,(x,y) =1, if either x; or y, is present

6;(x,y)=0, if bothx; and y; are absent
e For nominal or asymmetric nominal variable: ~ d;(Xx,y) =1, if x; =y,
d,(x,y)=0, if x; =y,

e For ordinal, interval, or ratio variable: d;(X,y)=1- ‘X i~y j‘

e Gower’s is the only similarity metric that accepts any measurement level.

Gower, J. C. (1971) A general coefficient of similarity and some of its properties, Biometrics 27, 623-637.
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Dalsi miry podobnosti

2%

_ j=L
D, =

Jaccardtiv koeficient > X+ Y] —le X,
= j=

j=1 ]

2; XY,
i o 0 ° _ J:
Dicetiv koeficient Dy =+ ;

2 X +2Y]

j=1 j=1

14 o e ZZ mln(XJ’ yj)
Czekanowskeho koeficient p - =

v

> (X +Y;)

j=1
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Miry podobnosti pro binarni data

94 d Kategorie objektu w
Koeficient souhlasu Kat. objektux| 1 0
a+b+c+d 1 a b
0 o d
Jaccardiv koeficient a
a+b+c
2a
Dicetiv (Czekanowského) koef. 5.7 ¢
Jad —+/be

Yuletv koeficient

Jad ++/bc
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Miry (ne)podobnosti pro binarni data

Goodman-Kruskalovo lambda

max( a,b)+max(c,d)+max(a,c)+max(b,d)—max(a+c,b+d)—max(a+b,c+d)
2(@+b+c+d)—max(a+c,b+d)—max(a+b,c+d)

Binarni Lanceova-Williamsova mira nepodobnosti b+c
2a+b+c
Euklidovska vzdalenost Jb+c

Bin. ¢tvercova euklid. vzdalenost (=Hammingova vzd.) b+c
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Standardizace/normalizace

e Pred vlastnim vypoctem vzdalenosti je nanejvys vhodné
standardizovat (normalizovat) proménné.

e Divodem je snaha o unifikaci métitka a tim vyvazeni vlivu
jednotlivych proménnych.

o TYPIC](Y _ X — location
standard. ~
scale
v : original —location
e Obecné: result =add + multiply- J
scale

result = final output value

add = constant to add (ADD= option)

multiply = constant to multiply by (MULT= option)

original = original input value

location = location measure

scale = scale measure
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The STDIZE Procedure

General form of the STDIZE procedure:

PROC STDIZE DATA=SAS-data-set
METHOD=method <options>;
VAR variables;
RUN:
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Standardization

Methods

METHOD LOCATION SCALE

MEAN mean 1

MEDIAN median 1

SUM 0 sum

EUCLEN 0 Euclidean Length

USTD 0 standard deviation about origin
STD @ mean standard deviation

RANGE minimum range

MIDRANGE |midrange range/2

MAXABS 0 maximum absolute value

IQOR median interquartile range

MAD median median absolute deviation from median
ABW(c) biweight 1-step M-estimate |biweight A-estimate
AHUBER(c) |Huber 1-step M-estimate |Huber A-estimate

AWAVE(c) |Wave 1-step M-estimate |[Wave A-estimate

AGK(p) mean AGK estimate (ACECLUS)
SPACING(p) [mid minimum-spacing minimum spacing

L(p) L(p) L(p) (Minkowski distances)
IN(ds) read from data set read settings from data set "ds"

®  /-skore”
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The Problem with Z-Score Standardization

Before After

Standardization using the reciprocal of the variance can
actually dilute the differences between groups!

Source: Everitt et al. (2001)
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Cluster Preprocessing

* Resenim tohoto problému miZe byt procedura ACECLUS

(approximate covariance estimation for clustering)

Q

Before ACECLUS

Vice na: http://support.sas.com/documentation/cdl/en/statug/63033/HTML/default/viewer.htm#statug_aceclus_sectoo2.htm
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The ACECLUS Procedure

General form of the ACECLUS procedure:

PROC ACECLUS DATA=SAS-data-set
<options>;

VAR variables:
RUN:
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Vzdalenost mezi shluky

e Mimo urcCeni jak méfit vzdalenosti mezi objekty uvnitf
shlukd je tfeba definovat jak métit vzdalenosti shlukt mezi
sebou.

e Mezi zakladni metody patii metoda:
» metoda nejblizsiho souseda (single linkage),
« metoda nejvzdalenéjsiho souseda (complete linkage),
« metoda primérné vazby (average linkage),
« centroidni metoda,

«  Wardova metoda.
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The CLUSTER Procedure

The general form of the CLUSTER procedure:

PROC CLUSTER DATA=SAS-data-set
METHOD=method <options>;
VAR variables;
FREQ variable;
RMSSTD variable;
RUN;

e The required METHOD-= option specifies the hierarchical
technique to be used to cluster the observations.
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The CLUSTER Procedure, method=...

The METHOD-= specification determines the clustering method used by the procedure. Any one of the
following 11 methods can be specified for name:

e AVERAGE | AVE requests average linkage (group average, unweighted pair-group method using arithmetic averages, UPGMA).
Distance data are squared unless you specify the NOSQUARE option.

e CENTROID | CEN requests the centroid method (unweighted pair-group method using centroids, UPGMC, centroid sorting,
weighted-group method). Distance data are squared unless you specify the NOSQUARE option.

¢ COMPLETE | COM requests complete linkage (furthest neighbor, maximum method, diameter method, rank order typal analysis).
To reduce distortion of clusters by outliers, the TRIM= option is recommended.

e DENSITY | DEN requests density linkage, which is a class of clustering methods using nonparametric probability density
estimation. You must also specify either the K=, R=, or HYBRID option to indicate the type of density estimation to be used. See
also the MODE= and DIM= options in this section.

e EML requests maximum-likelihood hierarchical clustering for mixtures of spherical multivariate normal distributions with equal
variances but possibly unequal mixing proportions. Use METHOD=EML only with coordinate data. See the PENALTY= option for
details. The NONORM option does not affect the reported likelihood values but does affect other unrelated criteria. The EML
method is much slower than the other methods in the CLUSTER procedure.

e FLEXIBLE | FLE requests the Lance-Williams flexible-beta method. See the BETA= option in this section.

e  MCQUITTY | MCQ requests McQuitty’s similarity analysis (weighted average linkage, weighted pair-group method using
arithmetic averages, WPGMA).

e MEDIAN | MED requests Gower’s median method (weighted pair-group method using centroids, WPGMC). Distance data are
squared unless you specify the NOSQUARE option.

e SINGLE | SIN requests single linkage (nearest neighbor, minimum method, connectedness method, elementary linkage analysis, or
dendritic method). To reduce chaining, you can use the TRIM= option with METHOD=SINGLE.

e  TWOSTAGE | TWO requests two-stage density linkage. You must also specify the K=, R=, or HYBRID option to indicate the type of
density estimation to be used. See also the MODE= and DIM= options in this section.

*  WARD | WAR requests Ward’s minimum-variance method (error sum of squares, trace W). Distance data are squared unless you
specify the NOSQUARE option. To reduce distortion by outliers, the TRIM= option is recommended. See the NONORM option.
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Supported Data Types

Hierarchical Method

Coordinate Data

Distance Data

Average Linkage Yes Yes
Centroid Linkage Yes Yes
Complete Linkage No Yes
Density Linkage No Some Options
EML Yes No
Flexible-Beta Method No Yes
McQuitty’s Similarity No Yes
Median Linkage No Yes
Single Linkage No Yes
Two-Stage Linkage No Some Options
Ward’s Method Yes Yes
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Average Linkage

e The distance between clusters is the average distance
between pairs of observations.

- Tl

L IECK JECL
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Centroid Linkage

e The distance between clusters is the squared Euclidean
distance between cluster centroids X, and X, .

Dy = H)_(K _)_(LHZ
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Complete Linkage

e The distance between clusters is the maximum distance
between two observations, one in each cluster.

D, =1€CyJeC_maxd(x,X;)
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Density Linkage

Calculate a new distance metric, d*, using k-nearest

neighbor, uniform kernel, or Wong’s hybrid method.

Perform single linkage clustering with d*.

d*(x. x.):1 1 + 1
ST RIS
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Equal Variance Maximum Likelihood

e The distance between clusters C; and C; is given by a
penalized maximum-likelihood variant.

Dy =07 HPDp( 0 (1,1, (3)-1, 1 ()

G

H’CK ™
/ s Cy
I \
\ LY
\ '\DKLA \\.
\ \
\
\ \
b |
. C 1
L
\"\ 7
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Flexible-Beta

e The distance between clusters C; and C; is a BETA scaled
measure of the component distances.

+D, b
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McQuitty’s

e The average distance between an external cluster, J,
and each of the component clusters (Cy and C;)

_ Dy +D,,
2

DJM
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Median Linkage

e The average distance between an external cluster and each
of the component clusters, minus the distance between the
component clusters.

,I'__-.

_ Dy +Dy, _ Dy,

D
M ) 1
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Single Linkage

e The distance between clusters is the distance between the
two nearest observations, one in each cluster.

Dy Dy =ieC, jeC mind(x,X;)
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Two-Stage Density Linkage

e The same as density linkage except that a cluster must have

«K__»

at least “n” members before it can be fused.

6 e
dal clusten K
@

1. Form ‘modal’ clusters 2. Apply single linkage
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Ward’s

e Ward’s method uses ANOVA at each fusion point to
determine if the proposed fusion is warranted.

R
I e ARONA % %[
[T T ] =

(2-2]
T = o

521



The TREE Procedure

General form of the TREE procedure:

PROC TREE DATA=<dendrogram>
<options>;

RUN;

e The TREE procedure either
» displays the dendrogram (LEVEL= option) or

- assigns the observations to a specified number
of clusters (NCLUSTERS= option).
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Urceni finalnich shluku

e Finalni shluky ziskame vhodnym ,fezem"“ dendrogramu.

e Neexistuje univerzalni postup, vzdy zdlezi na konkrétnich

datech a interpretovatelnosti vysledku.

 Lze ale pouzit napf. tento postup:

e Oznacime p;

e SpocCtemer=p;,, - U, .

vzdalenosti
shlukovaciho algoritmu v okamzicich spojovani objektti/shlukd.

shlukd,

které vznikli

+ Spocteme max(r;) a ur¢ime tim misto, kde ,fiznout"

10
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Zdroj obrazkt : L.Zak, Shlukova analyza (II), http://www.volny.cz/elzet/Libor/Aut_cl_2.pdf
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Cviceni

Generovani dat: ¢_data.sas

=

* COMPACT : Three well-separated, compact clusters.
Source :SAS/STAT User's Guide (Introduction to Clustering Procedures).
* DERMATOLOGY : Differential diagnosis of erythemato-squamous disease.
Source : Nilselliter, N. and Altay Guvenir, H. (1998)
* ELONGATED : Two parallel elongated clusters in which the variation in one dimension is 6 times the
variation of the other dimension. There are 150 members in each of the clusters, for a total of 300
observations.
Source :SAS/STAT User's Guide (Introduction to Clustering Procedures).
* FISH : Seven species of fish caught off the coast of Finland.
Source : Data Archive of the Journal of Statistics Education
« INVESTORS : ...(training data)
* OUTLIERS: Create two clusters with severe outliers.
* PIZZA : Nutrient levels of various brands of frozen pizza.
Source: D.E. Johnson (1998), Applied Multivariate Methods for Data Analysis, Duxbury Press, Cole
Publishing Company, Pacific Grove, CA. (Example 9.2)
* RING : A normal cluster surrounded by a ring cluster.
Source : SAS/STAT User's Guide (The MODECLUS Procedure - Examples).
* STOCK : Dividend yields for 15 utility stocks in the U.S. for 1986-1990.
Source : SAS/STAT User's Guide (The DISTANCE Procedure - Examples).
« TINVESTORS : Investors data set (test data)
* UNEQUAL : Generate three unequal variance and unqual size clusters.
Source : SAS/STAT User's Guide.
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e V Y 4
V I C e I l I Stock Dividends
The STOCK Data Het

Ohs  calipany Av 1996 div 1987  div_1988  div.1989  div_1990
o ] S e A B - B R
clus01d01: Generating distances. 5 Detroit Edison 3'7 10:7 14 78 85
TanEe DK Laty 111Tt1e . . . . '
i 0 & RocKland Ttiliti 6.5 7.2 73 7.7 73
3 Eentucky Ttilities 6.3 6.9 7.0 7.2 7.9
The sasuser.stock data set contains the dividend yields for 15 utility stocks in the B Jansas fower & Lisht 3.3 g.4 g3 18 8.0
us P i e SR BT B
b ezheny rower . . . . .
The observations are names of the companies, and the variables correspond to 10 Hinnesota Fower & Licht 2.0 b.1 .2 r.a T2
' Bojelesinenc, 3 fp 5 8
EINEY lWanla Dower 1 f . . . f
the_a_nnual . . 13 Dklshema Gas & Electric f.1 f.7 7.4 6.7 5.
dividend yields over the period 1986-1990. 14 Wisoonsin Fnerey 31 27 8.0 31 23
options nodate nonumber; uclifenn TAstance Hatrix
goptions reset=all; Dranze___ Fansas.
Cincimnmati_ Texas_ Detroit_  BRockland_  Eenkucky_  Power___ Thoiom_ Do ind o
collpany G_E Utilities Edizon Ttilitie Utilities Light Electric  Besmrces
%let inputs = div_1986 div_1987 div_1988 div_1989 div_1990; Cincinnati GEE 0.00000 . . . .
I -
etrol 1=0n N N N ' '
0 & Bockland Utiliti 0,51910 0,54035 1,37538 0,00000 . .
/* display the input data set */ Fentucky Utilities  0.BSI6 1002038 1.39076  0.24265 000000 . .

tle 'Stock Dividends' esmoiiee R piED D L YER 0O g
2 e STOCK Data Set mhefen  Mim URR I3 B8 1BG 148 1B 1
e ot Aot ooy FERaricE BT BRIl BN B W N
proc print data=sasuser.stock; Poansylvenis Power b Licht 0 53641 090027  1.10787  0.393E3  0.20207 054976 0.30952 0020190

: . Oklshoms Gaz & Electric 0,90315 1.23233 1,39103 0,57064 0,35232 0,55849 0,60453 0,30935
var company &mputs, Wisconzin Enerzy 1.51338 1.85581 1.86300  1.15137 0.92124 1.06088  1.22855  0.576A6

run: Green Hountain Power 0,373 0,68574 1,321 0, 23652 0,44185 0,40876 0,27431 0,49258

! . Mimessta  Togalll Oclahoms e
_ _ _ cowpany Power ©  lieht  Eieciric  Power..Licht  Electric Enersy | Power
/* calculate the range standardized Euclidean distance */ Cincinnati GiE
proc distance data=sasuser.stock method=euclid out=dist; Texas Ttilities
var interval(&inputs/std=range); pronee b Bockind Thilitie
id company; Dndon plogiria o .
. Dominion Resmmrces . .
run; illezheny Power 0100000 . .
Mimmezota Power % Light 0,56333 0,00000 \ \
Ioma-Ill Gaz & Electric 0,20632 0,59042 0,00000 . .
% A . . * Pepmnzylvania Pomer & Light 0,53868 0,51280 0,42317 0, 00000 . .
/* display the distance matrix generated */ Dklshou Gas & Electric 075376 034543 063454 0.33515 000000 . .

. ' A . e Wizeonzin Enerzy 1,34430 0,52285 1,31501 0,93204 0,62670 0,00000 ,
title2 'Euclidean Distance Matrix'; Gresn Hountain Power 009454 0.59591 0.18118 0.51773 0.76232 1,39883 b
proc print data=dist;

id company;

run; 526



Cviceni

/* generate hierarchical clustering solution (Ward's method)*/

Stock Dividends
Clust an

proc cluster data=dist method=ward outtree=tree noprint;
id company;
run;

/* display the EUCLID dendrogram horizontally */
title2 "Cluster Solution";

proc tree data=tree horizontal;
id company;

run;

/* calculate the range standardized city block distance */
proc distance data=sasuser.stock method=cityblock out=dist;
var interval(&inputs/std=range);
id company;
run;

/* display the distance matrix generated */
title2 'City Block Distance Matrix';
proc print data=dist;
id company;
run;

/* generate hierarchical clustering solution (Ward's method)*/

proc cluster data=dist method=ward outtree=tree noprint;
id company;

run;

Stock Dividends

Clustor Solution

Semi Patist R-Squared

collpany

incinnati GEE

exas Utilities

letroit Edison

Irange & Bockland Utilitie
entucky UTtilities

ansas Power & Light

nion Electric

olninion Rescurces
11egheny Pover

innesota Power & Light
oma-111 Gas & Electric
‘ennsylvenia Power & Light
klahoma Gas & Electric
Wizconsin Energy

reen Mountain Power

colipany

incinnati GEE

exas Utlllhes

letroit Edis

ranze & Rucklmd Ttilitie
entucky Thili lES
ansas_Pewer &

nion Electric

lowincn Fes:rur:es
lezheny Pow

Hinnesota Pcfwer & Light
oma-111 Gas & Electric
ennsylvenia Power & Light
klahows Gas & Ele:trlc
Wisconsin Enere;

reen Monmnbain Pcfwer

/* display the CITYBLOCK dendrogram horizontally */
title2 "Cluster Solution";
proc tree data=tree horizontal;
id company;
run;

Cincimnati_

0,00000

326884
0.77247

Allegheny_
Fower

0.00000
1,20482

0.13821

Stock Dividends

City Block Distance Matrix

Texas_
Ttilities

0.00000

1.06351
1:29914

anesuta_

nght

0,00000

1.28053

Orange___

Detroit.  Bocklend.  Kenbucky_
Edisan Ttilitie Tilities
0.00000 . .
2,76349 0,00000 .
2.97463  0,43847 0.00000
3,26342 0,43333 0.51979
2,26077  0,50872 0.78053
2,80199  0,58612 0.14764
2,73009 0,38524 0,82371
3.,20970  0.81358 0.45519
2, 38725 0,48557 0,92405
2,22366  0,73333 0.65097
2,73210 0,97631 064835
3,90625 2,30342 1,8R495
2,64188  0,46094 0.89942

Iuwa_lll_

__ Permsylvania_
Elactrlc Power___Light
0, 0nooo .

0.68383 0.00000
1.42485 0.616844
2,78900 2.18299
0,27463 0,70526

Kamsas_
Fower___
Light

000000

1,88883
087754

Uklahuma_

Gaz___
Electric

0.00000
1136419
140022

Union.  Dobinion.
Electric  Besources
0.00000 .
0.84122  0.00000
051932  0.88440
116164  0.47783
014352 0.98473
0.54627  0.62833
128133 D.56825
254528 1.80425
0.38111  0.95010
Gre
Visconsin_  Momtata
ETEY Fower
0.00000 .
276437 i
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Method: AEW(11}
The FREU Procedurs

oV V4
Table of brend by CLUSTER
brand CLUETER(Cluster)
Frequency| 1| 2 3 7l 8| Ell 10| Tatal

| | 4| 5| Bl
i | ol 14 | o ol 15 | 0l ol ol o o 29
/* clus02d4: Impact of input standardization on clustering. G NS S S . S S S S M A S - -
C | o o o 0| 0l 0l o 16 | o 11 | 27
il | 51 0| 0| ol 0l 0l ol 1] o 26 | 32
This demonstration evaluates the impact on cluster performance of E | ol ol o ol ol 2l ol ol ol ol 2
changing the method of input standardization. Several methods are : : - : : : - : - : - : - : - : - : : : - : .
ranked according to their Cramer's V value and their misclassification b S S B e Y s S s
rate. PROC FASTCLUS is used to cluster the observations. The input 1 I I
data set is the pizza data set. The input variables are the three inputs Lol el =l ool el el el el el o=
. . . Taotal 20 14 32 59 15 B1 16 17 29 37 300
recommended using by the PROC VARCLUS 1-R**2 criterion.
*/ Statistics for Table of brand hy CLUSTER
Htatistic IF Value Frob
Peihand Batio Chiss g HER i
. . 1Kellhoo atlo .1_ quare . <,
OpthﬂS nodate nonumber, Butelfmnezs] Chi-fmare 1 ggg%g 10,8584
Contingency Coefficient 0,927
Craier's ¥ 0,8280
%letgroup =brand; R T e R
%let inputs = carb mois sodium; Sample Size - 200
data results; Method ! REK(1)
|ength meth0d$ 12; The FEEQ Procedure
. . Table of brand by CLUSTER
length misclassified 8; brand  CLUSTER(Cluster)
length chisq 8; Fewencyl 1 20 3 4 sl 6l 7 & 8 10| Total
|ength pchlsq 8. 1 | o 29 | o o o o o o o o 23
| h " o B S O T o = T A A T S
engt cramersv 8’ C | 1] ol ol ol ol ol ol 5 ol 21 27
stop; 1 Iz ol ol ol ol 31 o1 &1 ol 1l =
run; E | ol ol 3 ol 19 | ol ol ol ol ol 28
F | 0| 0| 0| 0| 0| 0| 30 | 0| 0| 0| 30
. G | 0| 0| 0| 0| 1] 0| 28 | 0| 0| 0| 29
% macro standardize(dsn=, nc=, method=); i B e S B S A SR
- 1 | ol ol ol 29 | ol ol ol ol ol ol 29
O/Omend standardize. J | ol ol ol ol ol ol ol ol 32 | ol 32
’ Total 11 29 13 29 43 26 58 1 32 22 300
%standardize(dsn=sasuser.pizza,nc=10,method=ABW(11)); T

%standardize(dsn=sasuser.pizza,nc=10,method=AGK(1)); R PR

Likelihpod Batio Chi-Square 81 1138,9333 < 0001
Mantel-Haenszel Chi-Square 1 21,5531 <, 0001

Fhi Coefficient 2.5403
Contingency Coefficient 0,9293
Cramer's ¥ 0,5401

VARNIRG: 86% of the cells have expected comnts less
than 5, Chi-Square iay not be a valid test, 528
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(:::: o V Y 4
%standardize(dsn=sasuser.pizza,nc=10,method=AHUBER(.1));
%standardize(dsn=sasuser.pizza,nc=10,method=AWAVE(.2));
%standardize(dsn=sasuser.pizza,nc=10,method=EUCLEN);
%standardize(dsn=sasuser.pizza,nc=10,method=IQR);
%standardize(dsn=sasuser.pizza,nc=10,method=L(1));
%standardize(dsn=sasuser.pizza,nc=10,method=L(1.5));
%standardize(dsn=sasuser.pizza,nc=10,method=L(2));
%standardize(dsn=sasuser.pizza,nc=10,method=MAD);
%standardize(dsn=sasuser.pizza,nc=10,method=MAXABS);
%standardize(dsn=sasuser.pizza,nc=10,method=MEAN);
%standardize(dsn=sasuser.pizza,nc=10,method=MEDIAN);
%standardize(dsn=sasuser.pizza,nc=10,method=MIDRANGE);
%standardize(dsn=sasuser.pizza,nc=10,method=NONE);
%standardize(dsn=sasuser.pizza,nc=10,method=RANGE);
%standardize(dsn=sasuser.pizza,nc=10,method=SPACING(.9));
%standardize(dsn=sasuser.pizza,nc=10,method=STD);
%standardize(dsn=sasuser.pizza,nc=10,method=SUM); Ubs  method

%standardize(dsn=sasuser.pizza,nc=10,method=USTD); % ﬁﬁﬁ% % ?E 5 j )
3 Lily
/* sort by number of misclassifications within Cramer's V */ % {%Elj
proc sort data=results; 6 ST
by descending cramersv misclassified; g %HE%HEE
run; 9 HAEAES
0 Ifi.5)
. . . I 11 LD
/* display Cramer's V and misclassifications for each method */ %% [Elg%IﬁEH
titlel 'Results'; 14 3
proc print data=resulits; %g EEH i
var method cramersv misclassified ; 17 HOHE
run; 8 IOR
7 13 AHURER{ 1)
20 HAD
quit;

Beaults=

Crafersy

0

.85070

[,54716

o o e o e o e e e s e e e e s e e}

54484
24009
54003
24009
54003
24003
83122
02816
52796
g1e71
81871
21076
78432
72492
78432
77353

. ThEE5
. 70340

mizclazzified

529



8. Vyvoj CS modelu
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o

Process Flow

Preliminary
Scorecard (KGB)
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Preliminary Scorecard (Known
Good/Bad)

e Group of characteristics, that together, offer the most
predictive power

 Logistic Regression (forward, backward, stepwise)

e 820 characteristics
« stability.
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Logistic Regression
LOgit (pi)=Bo+ BIX1+ reee T Bka

p — posterior probability of ‘event’ given inputs
X — input variables
P - parameters

e Logit transformation is log of the odds, and is used to linearize
posterior probability and limit outcome to between o and 1.

e Maximum Likelihood used to estimate parameters.

e Parameters estimates measure rate of chan%]e of loglt for one
unit change in input variable (adjusted for other inputs)

o Deper)lds on the unit of the input, therefore need to standardise (e.g.
WOE
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Logistic Regression

e Binary target (good/bad)
e Variables

« Raw data

» Grouped data (for example, mid value of each group)

« Weight of evidence «
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Logistic Regression

e Forward Stepwise

» Select best variable, add it to the model, and then add/subtract
variables until no improvement in indicator.

- Efficient, but weak when too many variables or high correlation
e Backward Elimination

« Start with all variables in the model, then eliminate least important
variables.

« Correlation is better taken care of

« Better than stepwise, but can be computationally intensive.
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Preliminary Scorecard

e Choose the best — and build the most comprehensive risk
profile

e With as many independent data items as possible

- independent data items representing different data types e.g. demog, financials, inquiries, trades info

e 10 characteristics with ‘100’ each preferred to 4 with ‘250’
each.

e Correlation, co linearity etc. considered
 Scorecard coherent with decision support structure

« Sole arbiter or decision support tool: model needs to be coherent with overall decision
support structure

e Interpretability, implementability, and other business
considerations.
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Example of a Good Scorecard

o Age e Number of products

e Residential status at bank

e Time at address e Delinquency at bank

e Inquiries 12 months ¥ e Total Debt Service
Ratio

e Inquiries 3 months

e Trades 9o days+ as % of total
e Revolving balance/Total

e Utilization

» contains some demographics, some inquiries, some trade, some utilization,
internal bank perforamnce and capacity to pay.

1) Pocet zadosti o uvér za poslednich 12 mésicti 537



How Do We Get There?

e Try statistically optimal approach (let the data speak)

e “Design” a scorecard using stepwise/backward
 Force characteristics in, or fix at each loop and adjust the hurdle rate
 Consider:
“must have”
Weaker/stronger

Similar
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Weaker, Similar

e Weaker - consider first

« Can 2 characteristics worth 40 points
each model behavior better than one worth 70?

« Same strength, broader base

e Similar - put together
« Time related, inquiries, trades, debt capacity, demographic
» Takes care of correlation
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Putting It Together

e Try different combinations of characteristics in
regression

- Instead of putting all characts in, separate into categories, and try
combinations.

 Leave very strong characteristics out, or use at the end
(for example, bureau scores)

e Example “levels”
« Weaker application info
« Stronger application info
« Weaker bureau
 Stronger bureau

e Mix and adjust with experience.
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Putting It Together

e Age, time at address, time at employment, time at bank

e Region, postal code, province

e TDSR, GDSR, capacity, Loan To Value

e Time at bureau, current customer (Y/N)

e Inq 3 months, inq 6 months, inq 12 months, inq 3/12 months
e Trades delq, trades 3 mth/total, current trades

e Utilization, public records

e Bureau score, bankruptcy.

GDSR( Gross Debt Service Ratio) = (Annual Mortgage Payments + Property Taxes + Other Shelter Costs)/(Gross Family Income)
TDSR (Total Debt Service Ratio) = (Annual Mortgage Payments + Property Taxes + Other Shelter Costs + Other Debt Payments)/(Gross Family Income)
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Logistic Regression

e Use stepwise or backward
- stepwise means dominating variable will stay in.

- Backward: set of weak variables may end up staying.. That together
add value (sometimes better than stepwise).. Also backward takes
care of correlation better than others.

e Modify to consider only selected characteristics at each “level”

- series of regression runs, each as one “level”, force selected
characteristics from previous “levels” in.

« EM nodes in series.
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Logistic Regression

e It is strongly recommended that all coefficients are logical.
If some of them are not, include comments with explanation
why it is good to keep them in scorecard. Include column,
where it is easy to see the contribution of each category
(either scaled scorepoints for linearization, either simply
bi*xi*1000). Order categories in each predictor according to
badrate (WOE) so that the worst are the first.
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LR — scorecard example

Rent Other
Own / Rent 15 10 17
Years at <5 5-2.49 | 2.5-6.49 | 6.5-10.49( >10.49 NI
address 12 10 15 19 23 14
0 ti Prof SemiPrf Mgr Offc. Bl.Col | Retired Other NI
Saelen 50 44 31 28 25 31 22 27
- <5 5-1.49 | 1.5-2.49 | 25-5.49 |5.5-12.49 125 Retired NI
Years on job 2 8 19 25 30 39 43 20
Dept St/ None | Dept-St| Maj-CC Both | No answr NI
Major CC 0 11 16 27 10 12
Bank Check Sav Ck&Sav | Other NI
reference 5 10 20 11 9
- <15 15-25 26-35 36-49 NI
Debt ratio 12 . 13 —
No. of recent 2 No Rcrd
Inquiries 3 11 3 -7 -7 -20 0
P <5 1-2 3-4 5-7 8+
Years in file 5 . - 30 20
# Rev trades 0 1-2 3-5 6+
outstanding 5 12 8 4
% Qr_edit_ line] 0-15% 16-30% | 31-40% | 41-50% | >50%
utilization 15 5 -3 -10 -18
Worst
reference
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LR — scorecard example

Obs colnamew colvalue Bi_x_Xi_x_1000 bad_rate freq_rate Bi Xi
1 Intercept 3129 . . 3.129451 .
3 age_fr_w 20 -359 10.3 35 0.377612 -0.950967
4 age_fr_w 29 -154 6.3 28 0.377612 -0.408556
5 age_fr_w 32 -47 4.8 8.4 0.377612 -0.123244
6 age_fr_w 36 20 4.1 10 0.377612 0.05253
7 age_fr_w 41 48 3.8 11 0.377612 0.12723
8 age_fr_w 51 173 2.7 23 0.377612 0.458154
9 age_fr_w 60 327 1.8 16 0.377612 0.865979
10 car_owner_fr_w 0 -60 4.5 76 1.179055 -0.051044
11 car_owner_fr_w 1 211 3.6 24 1.179055 0.179078
12 child_num_fr_w 99 -59 4.9 1.9 0.424104 -0.138759
13 child_num_fr_w 0 -33 4.6 60 0.424104 -0.078474
14 child_num_fr_w 1 34 4 27 0.424104 0.080184
15 child_num_fr_w 2 134 3.2 11 0.424104 0.315117
16 education_fr_w 5 -174 6.1 4.3 0.453663 -0.384073
17 education_fr_w 4 -79 5 3.3 0.453663 -0.174838
18 education_fr_w 2 -10 4.4 73 0.453663 -0.021929
19 education_fr_w 36 112 3.4 19 0.453663 0.247396
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Logistic Regression

® For all predictors in scorecard estimated coefficient, wald chi-square, p-
value (e.g. in SAS output Analysis of maximum likelihood estimate),
summary of predictor selections (order of predictors entering the model, e.g.
in SAS output summary of stepwise selection)

Analysis of Maximum Likelihood Estimates
Parameter DF Estimate Standard Wald Pr > ChiSq
Error Chi-Square
Intercept 1 3.1295 0.0106 86436.032 <.0001
age fr w 1 0.3776 0.0254 221.2018 <.0001
car_owner_fr_w 1 1.1791 0.1093 116.2664 <.0001
education_fr_w 1 0.4537 0.066 47.2419 <.0001
fam_state_fr_w 1 0.4167 0.0297 196.864 <.0001
goods_group_fr_w 1 0.2716 0.0311 76.3139 <.0001
child_num_fr_w 1 0.4241 0.0867 23.9081 <.0001
ident_card_age_fr_w 1 0.5677 0.0269 446.5471 <.0001
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Summary of predictor selection

Step

© 00 N o 0o b~ W N PP

I =
N B O

Summary of Stepwise Selection

Effect

DF
Entered Removed

pricel fr w
age_fr_w
init_pay_by pricel f
ident_card_age_fr w
type_suite_fr_w
time_on_job_fr_w
mobile_phone_fr_w
sex_fr_w
fam_state fr w
ident_type2 fr_ w

weekend_fr_w

N I N N = = = T = T = =

region_fr_w

Number

In

Score
Chi-
Square

3858.056
3007.7932
1434.1863

868.4661

800.2294
554.571
342.7936

357.5026
331.6358
358.4905
323.0631
299.3854

Wald
Chi-
Square

Pr > ChiSq

<.0001
<.0001
<.0001
<.0001

<.0001
<.0001
<.0001

<.0001
<.0001
<.0001
<.0001
<.0001
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Good Scorecard?
 Eye Ball Test

» Point allocation logical, no flips (after scaling)
“Flips” occur for several reasons: low count, correlation.
» Scorecard characteristics make sense

what went in, what did’t., does it cover all the major categories of
information?

e Misclassification
e Strength
e Validation.
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Scorecard Development

* Build more complex models and compare predictiveness — if
difference not significant, then scorecard is OK

e Examine findings - is there a valid business reason?

e Build several ‘different’ scorecards
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What Have | Just Done?

e “Designed” a scorecard
» Used regression, with business considerations
- Stable, represents strong major/independent information categories
» Measurable strength and impact
« Something a risk manager can buy and use.

e Used only known goods and bads (that is, approves)
e But need to apply scorecard on all applicants.
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Reject Inference

® Everything to this point has been for known performance - e.g.
approval rate is 60%, building a model for 100% of the population

based on 60% sample is not accurate.

Total Applicants

Bad

Declined
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Reject Inference

® This is where you need to get to: so need to create a sample
representative of the “through the door” or entire applicant pop
performance - 100% approval rate.

Bad

Inferring the behavior of declined applicants



The Known Good Bad Picture

Through-the-door
10,000

Rejects  Accepts
2,990 7,050

|
/ | |
? Bads Goods
874 6,176
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Reject Inference

e Make the scorecard relevant

- ignoring rejects distorts model

« Influence of past decision making

e For decision making
« Get population odds
« Expected performance
» Swap set.

Old scorecard

Approve @ Decline
New Approve A B
Scorecard |Decline C D

A - is approved goods
B - is rejected goods
C - is approved bads
D - is rejected bads
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Where?

e Medium/low approval rates

« a 95% approval rate is close to “through the door”

e Manual adjudication environment
 Incorporates experience/intuition based overriding

» “cherry picking” distorts performance.
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Reject Inference Techniques

e “True” Performance

e “Nearly True” Performance
e Statistical Inference

e Orignore the problem

« Assume accepts = total population

« not recommended unless previous credit granting was random or
scorecard was perfect ( assume all rejects = bad).
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“True” Performance

e Approve every applicant
e Or random sample

e Expensive

Approve All

... but the only true way to
determine performance of
below cutoft applicants.

(qp)

T

T+

@)

—h
Aper\'?e All

Sample
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“Nearly True” Performance 1

e Bureau data
» performance of declined apps on similar products with other companies

- legal issues

» difficult to implement in practice - timings, definitions, programming
Need consent to get bureau at any time
data - if u rejected them, they probably were rejected elsewhere
timings - performance window, sample window must be consistent
bad definition must be closely replicated
product must be similar - credit cards, unsecured line of credit with similar limit and conditions as you
would have given
Experience - Programming effort is tremendous, depending on how detailed credit bureau reports are

0

Declined - got Analyze performance

credit elsewhere
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“Nearly True” Performance 2

e In-house data

» performance of declined apps on similar products, for example, credit
cards/line of credit

- timings, definitions my cause problems.

data - if u rejected them for a lower level product, they probably were rejected for higher one
.. HOWEVER, in multiple product environments, scorecards are not always aligned and
there is “ARBITRAGE”.

timings - performance window, sample window must be consistent
bad definition must be closely replicated

product must be similar - credit cards, unsecured line of credit with similar limit and
conditions as you would have given

0

Declined - got Analyze performance

similar products
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Bureau Score Migration

e Analyze bureau score migration of existing accounts with
below cutoft scores

e Identify accounts whose scores migrate to ‘above cutoff’
within specified time frame
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Reclassification

 Build an accept/reject model
 Score all rejects and designate worst as accepted ‘bad’

e Can use score or “serious derogatory” information to select
accounts

e Analyze Accept/Reject vs. Good/Bad cross tabs
e Add to accepts and Re-model
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Simple Augmentation

e Simple Augmentation
 Build good/bad model

» Score rejects — establish a p(bad) to assign class
« Add to Accepts and re-model

e Simple

e Arbitrary cutoff to assign goods and bads
e Good/Bad model needs to be very good

e No adjustment for p(approve).
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Augmentation 2

o Augmentation 2 (Coffman, Chandler 1977)
» Build accept/reject model, obtain p(accept)

 Build good/bad model

 Adjust case weights of good/bad model to reflect probability of
acceptance

e Recognizes need to adjust for p(approve).
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Parceling

e Parceling (also called re-weighting)
« score rejects with G/B model
« split (randomly) rejects into proportional G and B groups.

Score # Bad # Good % Bad % Good %/_%Bad Rej - Good
/ [~~~ N

0-99 24 10 0 %] q

100-199 54 196 21.6% 78.4%) 654 141 | D 513 D

200-299 43 331 5% 5% 5

300-399 32 510 5.9% 94.1% 471 28 443

400+ 29 1,232 2.3% 97.7% 778 18 760

continued...

564



Parceling

e But ..

« Reject bad proportion cannot be the same as approved?
« Allocate higher proportion of bads from reject

« Rule of thumb: bad rate for rejects should be
2—4 times that of approves.

e Quick and simple
e Good/Bad model better be good
e May understate rejected bad rate.
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Iterative Reclassification

e [terative Reclassification (McLachlan, 1975)
« Build good/bad model using accepts

Score rejects and assign class based on chosen p(bad) cutoff
Rebuild model with combined dataset

Score rejects and re-assign class

Repeat until parameter estimates (and p(bad)) converge.

e Can be modified for p(good) and p(bad) target assignment.
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Iterative Reclassification

e can be done as a plot of In (odds) versus score.

In Odds
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Fuzzy Augmentation

e Step 1: Classification
 Build good/bad model
 Score rejects with G/B model
« Do not assign a reject to a class
 Create 2 weighted cases for each reject, using p(good) and p(bad).
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Fuzzy Augmentation

e Step 2: Augmentation

« Combine rejects with accepts, adjusting for approval rate

- For this, weigh rejects again: weight determines how much
more frequent an actual case is compared to an inferred
case in the augmented dataset

- Freq of a ‘Good from rejects = p(good)
x weight

e Step 3: Remodel.

EM users: This is in the EM RI node.
Freq= p(good) x (reject rate/approval rate) x (#accepts/#rejects)

# rejects/accepts are proportional to actual population I.e. weighted, not raw counts
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Fuzzy Augmentation

e No need for arbitrary classification cut-off

e Augmentation step: better approach for choosing the
importance of rejects.
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Nearest Neighbor (Clustering)

e Clustering
« Create 2 sets of clusters: goods and bads

« Run rejects through both clusters
« Compare Euclidean distances to assign most likely performance

« Combine accepts and rejects and re-model

e Measures are relative

e Adjustment for p(approve) can be added at augmentation
step.

e Can also use Memory-based Reasoning.
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Other Techniques

Heckman’s Correction

e http://ewe3.sas.com/techsup/download/stat/heckman.html

e Heckman, James. "Sample Selection Bias as a Specification Error", Econometrica,
Vol 47, No 1., January 1979, pp. 153-161.

e Greene, William. "Sample Selection Bias as a Specification
Error: Comment", {\sl Econometrica}, Vol. 49, No. 3, May 1981,

pPp. 795-798.

Mixture Decomposition

e B.S Everitt and D.J. Hand, Finite Mixture Distributions (London:Chapman & Hall,
1981)

572



Verification

e Compare bad rates/odds for known versus inferred, and use
rule of thumb.

* Review bad rates/weight of evidence of
pre- versus post inference groupings.

e Create “fake rejects” and test.

- assign some accepted accounts as rejects with an artificial cutoft and
test methods.
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Factoring — Post Inference

Through-the-door
10,000

Rejects Accepts
2,950 7,050

Bads Goods Bads Goods
914 2,036 874 6,176

Bad rate = 30.98% Bad rate = 12.4%

* After rejects have been inferred, we build the post-inference data sets for the final scorecard
production.

® So the sample bias is solved and you can apply the scorecard on the entire population. -



Process Flow

|

Initial Characteristic
Analysis (AGB)

Final
Scorecard (AGB) <——
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Final Scorecard

Repeat Exploration, Initial Characteristics Analysis and
Regression for “All Good Bad” data set

e Scaling

e Assessment
» Misclassification
« Strength.
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Scorecard Scaling (conversion into points)

Why scale?

e Implementation software — batch versus on-line

« Marketing uses (off line selection, build retention model, score and
isolate account numbers) vs. online decision support and app
processing software

Ease of understanding and interpretation
« End user can deal with points easier than weights
Continuity

« previous scorecards were grouped/scaled . .and you want to have the
same format and scaling.

e Legal requirements

« legal requirements to identify characteristics and reasons for decline
e Components

« Odds at a score

 Points to double the odds

« Example: Odds of 20:1 at 200, and odds double every 20 points.
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Scorecard Scaling

This is the transformation
from parameter estimates
to scores.

Result: get a score card with
discrete points, related to
each other and the final
score related to odds.

odds doubling every 20

points

Age
18-24
25-29
30-37
38-45
46+

Time at Res
0-6

r

7-18

19-36

37+

Region
Major Urban
Minor Urban
Rural

Ing 6 mth
F

0

1-3

4-5

6+

10
15
25
28
35

12
25
28
40

20
25
15

40
30
15
10

Score Odds
200 20
201 23
202 25
203 26
220 40
240 80
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Scorecard Scaling

In general:

Score = A + B log (odds)
Score +PDO = A + B log (2*odds)

e Offset A and Factor B are to be calculated
« (dds = odds at which to fix a score

 Score = score at point x

+ PDO = points to double the odds
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Scorecard Scaling

e Solving for PDO:

PDO = B Log (2), therefore
B = PDO/log(2) ; A = Score - {B log (Odds)}

Example, Odds of 50:1 at 600 and 20 pdo
B = 20/log(2) = 28.8539
A =600 - {28.8539 log (50)} = 487.123

Score = 487.123 + 28.8539 log (odds)

Or log (odds) = (-16.88239) + 0.03465*Score
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Scorecard Scaling

® The points for each attribute are calculated by multiplying
the Weight of Evidence of the attribute with the regression
coefficient of the characteristic, then adding a fraction of
the regression intercept, then multiplying this by -1 and by
the factor and finally adding a fraction of the offset.

B A

>
- a, ¥ offset
—(woei * 4 +—)* factor 4
n

n

* The negative sign is there because we switch from bad/good in modeling
(regression) to good/bad in scaling (high scores being better than low

scores).
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Scorecard Scaling

score = log(odds) * factor + offset =

— (> (woei* 4) +a)™ factor + offset =
i=1

- (Z (woei™ G + %)) * factor + offset =
i=1

offset
n

)

Z (—(woei™ S + %) * factor +
i=1

582



Check Points Allocation

Age Weight| Scorecard 1|| Scorecard 2
Missing -55.50 16 16
18-22 -108.41 12 12
23-26 -72.04 18 18
27-29 -3.95 26 CaaD
30-35 70.77 35 38
35-44 122.04 43 44
44 + 165.51 ol 92

® Scorecard 1 looks OK - logical distribution - as age increases, points increase according to weight

® But Scorecard 2 doesn'.

* Why?
e Correlation? Quirk in the data? Grouping? Maybe weights were too close together and not enough
differentiation - repeat grouping with more distinct groups, and repeat regression.
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FICO score

FICO is a unified score, which you can get from your score by linear transformation. The aim is to compute
these transformation coefficients for every scorecard, because then you can compare quality of portfolios. If
your development data are old enough, so that you can observe 90DPD @12MOB, take random sample (30 000
observations) from them, if not, take older data and score them by your new scorecard. Make a table according
to_example below, compute FICO score for each category as linear transformation In(G/B)->Fico, defined

4b_|

FICO=(x+7.58)/0.0157.|Apply linear regression on median score and FICO.

(-0.5319 + 7.58)/0.0157 = 449
)}497-943)/943 = 0.5874

[/

Median of the Lower bound of | Upper bound of [ Numb @12 A Ever 90@12 V / /
category the score the score Mob / MOB / Good/Bad In(G/B) Fico
0.716 0 0.752399981 14977 943 0.5874867 ' -0.5319 " 449
0.778 0.7524 0.7968 1504 733 1.0518418 0.050543 486
0.8132 0.7968 0.8268 1496 630 1.3746032 0.318165 503
0.8371 0.8268 0.8457 1508 564 1.6737589 0.515072 516
0.8532 0.8457 0.8596 1495 510 1.9313726 0.658231 525
0.8654 0.8596 0.8703 1500 474 2.164557 0.772216 532
0.875 0.8703 0.8792 1513 447 2.3847875 0.86911 538
0.8833 0.8792 0.8869 1489 414 2.5966184 0.95421 544
0.8901 0.8869 0.8934 1496 393 2.8066158 1.031979 549
0.8968 0.8934 0.8996 1521 378 3.0238095 1.106517 553
0.9024 0.8996 0.9051 1491 351 3.2478633 1.177997 558
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FICO score

FICO transformation graph

y = 678.99x - 49.314
R7=0.9613

Fico score

0.65 0.7 0.75 0.8 0.85 0.9 0.95 1
scl

+ Rada1l — Linearni (Rada1)
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9. Introduction to
Survival Analysis

Survival Distributions by Gender

s | Gender
| pale
B Female
=
[e=)
=R
o (=]
15
=
&
=
5}
a2
=
=T
=
&
o
T T T T T
o0 200 400 600 300 1000

Survival Time in Days
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What Is Survival Analysis?

e Survival analysis is a class of statistical methods for
which the outcome variable of interest is time until an
event occurs.

e Time is measured from the beginning of follow-up
until the event occurs or a reason occurs for the
observation of time to end.
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Examples of Survival Analysis

e Follow-up of patients undergoing surgery to measure
how long they survived after the surgery

e Follow-up of leukemia patients in remission to measure
how long they remain in remission

e Follow-up of clients to measure how long they stay
non-defaulted
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What Is Survival Analysis?

Subjects

GO MmO O W

> [Event

>  Withdrew

> Event

> Lost to follow-up

> [Event

> Event

End of Study
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Data Structure

Subject Survival Time Status

A 4.0 1 (event)

B 6.0 0 (censored)
C 3.0 0

D 5.0 1

E 3.0 0

F 3.0 1

G 2.0 1
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Problems with Conventional Methods

Logistic regression
e ignores information on the timing of events
e cannot handle time-dependent covariates.
Linear regression
e cannot handle censored observations
e cannot handle time-dependent covariates

e is not appropriate because time to event can have unusual
distribution.
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Right-Censoring

> End of Study

Subjects >  Withdrew

> Lost to follow-up

Time

An observation is right-censored if the observation is
terminated before the event occurs.
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Left-Censoring

Event > A

Event > B
Time before Start of End of
Study Study Study

An observation is left-censored when the observation
experiences the event before the start of the follow-up period.

593



Interval-Censoring

A » Event
B > Event
a ? b
Time

An observation is interval-censored if the only information you
know about the survival time is that it is between the values a and b.
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Types of Right-Censoring

Type I subjects survived until end of the study. Censoring
time is fixed.

Type Il subjects survived until end of the study. Censoring
time occurs when a pre-specified number of events have
occurred.

Random observations are terminated for reasons that are
not under the control of the investigator.
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Uninformative Censoring

Censoring is uninformative if it

occurs when the reasons for termination are unrelated to the
risk of the event

assumes that subjects who are censored at time X should be
representative of all those subjects with the same values of the
predictor variables who survive to time X

does not bias the parameter estimates and statistical inference.
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Informative Censoring

Censoring is informative if it

e occurs when the reasons for termination of the observation are
related to the risk of the event

e results in biased parameter estimates and inaccurate statistical
inference about the survival experience.
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Recommendations Regarding
Informative Censoring

* When designing and conducting studies, reduce the amount
of random censoring.

e Always analyze the pattern of censoring to see whether it is
related to a subset of subjects.

e Include in your study any explanatory variables that may
affect the rate of censoring.
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Time Origin Recommendations

e Choose a time origin that marks the onset of continuous
exposure to the risk of the event.

e Choose the time of randomization to treatment
as the time origin in experimental studies.

o If there are several time origins available, consider
controlling for the other time origins by including
them as covariates.
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Survival Analysis

The goals of survival analysis might be to

e estimate and interpret survival and hazard functions from
survival data

e compare survival and hazard functions among different groups

e assess the relationship of time-independent and
time-dependent explanatory variables to survival time

e predict the remaining time until the event.
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Survival Function (funkce preziti)

* T ... ndhodna veli¢ina oznacujici délku prieziti (¢as do sledované

udalosti nebo cenzorovani).

* J... indikator udalosti (8=1 pokud udalost nastala, =0 pokud je
pozorovani cenzorované)

* S(t)... funkce preziti (survival function) S(t) = P(T >t) vyjadiuje
pravdépodobnost, Ze jedinec v Case t jeSté Zije.

* Plati: 5(0) =1
limS(t)=0

o

601



Kaplan-Meier estimation

~ ~  n —d. . e :
) — _ —d./n)= I I n.... pocet objekt pozorovanych do doby ¢
> (tj ) =35 (tj_l)(l d . / . ) 1:1[ i dj...]poéet objektt s udalosti v dobé ¢ :
Number Number Number Cumulative
Time Events Censored At Risk Survival
0 0 0 7/ 1.00
1 0 0 Z/—\I;OO
2 1 0 7 < (751)/7=.86
3 T——3>—" & 86%5/6=.71
>
4 1 o (3 71%2/3=.48
5 1 1 2 48*1/2=.24
6 0 0 o -
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Kaplan-Meier Curve

Survival
Distribution
Function

1.00 1

0.86

0.75

0.50 -

0.25

0.00

«————

N oo e o o o o e o - e =
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Dalsi metody odhadu

The Breslow estimate of the survivor function is

. fod;
Sit;) =c};p(— z ;—’r)
=11y

=1

Mote that the Breslow estimate 15 the exponentiation of the negative Melson-Aalen estimate of the cumulative hazard function.

The Fleming-Harrington estimate (Fleming and Harrington; 1984) of the sunivor function is

S(1:) =ﬂ-‘iP( Z “JZ )

rI“H,.! —_}

If the frequency values are not integers, the Fleming-Harrington estimate cannot be computed.
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Life Table Method

The life table method

e is useful when there are a large number of observations
e groups the event times into intervals

e can produce estimates and plots of the hazard function.
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Life Table Method

The life-table estimates are computed by counting the numbers of censored and uncensored observations that fall into each of the time intervals [t; ;. 1],
i=12,....k+1 where fo =0 and 1, | = ==. Let i; be the number of units entering the interval f;_y,#: . and let &; be the number of events occurring in the interval. Let

b =1 — 1, and let nl'- = n; — w; /2, where w; is the number of units censored in the interval. The effective sample size of the interval :i’.-..l.f.-] is denoted by nl'-_ Let
denote the midpoint of [t; (. f; ).

The conditional probability of an event in [t; 1} is estimated by

-

o;
g = —

.
' The estimate of the suraval function at f; 15

and its estimated standard error is
|I ,[':f”fal 5‘.:_ Fl‘ ] e { E"" . % Ill .\_= {:]
\'T St Jpi >0

where fi; = 1 —§. and its estimated standard error is

Gig;) =
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Differences between KM and Life
Table Methods

In the Kaplan-Meier method,

e time interval boundaries are determined by the event
times themselves

e censored observations are assumed to be at risk for the
whole event time period.

In the life table method,
e time interval boundaries are determined by the user

e censored observations are censored at the midpoint
of the time interval.
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Standard error of KM estimate

* The corresponding estimate of the standard error is
computed using Greenwood’s formula (Kalbfleisch and
Prentice; 1980) as

5(§(tj)) = SA(J[J)\/ZJ: n. (ndl—d)
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Pointwise Confidence Limits

Pointwise confidence limits are computed for the survivor function, and for the density function and hazard function when the life-table method is used. Let & be specified
by the ALPHA= option. Let 4,5 be the critical value for the standard normal distribution. That is, ®(—zg 5} = @ /2, where @ is the cumulative distribution function of the
standard normal random variable.

Survivor Function

When the computation of confidence limits for the survivor function 5{1} is based on the asymptotic normality of the survival eatimatnrj-[r], the approximate confidence
interval might include impossible values outside the range [0,1] at extreme values of /. This problem can be avoided by applying the asymptotic normality to a
transformation of 5{1} for which the range is unrestricted. In addition, certain transformed confidence intervals for 5{7} perform better than the usual linear confidence
intervals (Borgan and Liestel; 1990). The CONFTYPE= option enables you to pick one of the following transformations: the log-log function (Kalbfleisch and Prentice;
1880), the arcsine-square root function (Mair; 1984), the logit function (Meeker and Escobar; 1398). the log function, and the linear function.

Let g be the transformation that is being applied to the survivor function 5{f). By the delta method, the standard error nfﬂ-{f{f]] is estimated by
t(t) =6 [g(S(1)}] =& (S(1}) 6[S(t)]

where ¢’ is the first derivative of the function g_ The 100(1—)% confidence interval for 8() is given by
¢ {elS ()] = 2ed S61S(0)] )

-1

where g7 is the inverse function of g.
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L

Pointwise Confidence Limits

Arcsine-Square Root Transformation

The estimated variance of sin—' (1,;' (1 )IS (1) % The 100(1-@)% confidence interval for 5(1} is given by

sin” {max [{]. sin ! {M} — zgf{r}] } < 8t} < sin’ {min E sin™ " (/8(1}) tig '?(F}] }

Linear Transformation

This is the same as having no transformation in which g is the identity. The 100(1-c)% confidence interval for S{t} is given by
S{t)—za6 [S(t)] < S(t) < (1) + 20 6 [S(1)]
Log Transformation

The estimated variance of log(8(r)} is (1) = —3[*2%? The 100(1-@)% confidence interval for S(¢) is given by

Syexp (25 #()) < (1) < S(r)exp (25 2(0))
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L

Pointwise Confidence Limits

Log-Log Transformation

o2 [8(r}]
[Sir}log( St}

The estimated variance of log{—log(8(1})is £(1) = The 100{1—x)% confidence interval for S{1} is given by

[3{!}]“11(:‘3: T[I}:l < S(t) < [jﬁ}]mp[:—;g: f[:}:l

Logit Transformation

The estimated variance of log (I—[-fg%) 15 ":‘3{3‘} = ﬁ% The 100(1-¢)% confidence limits for 5{t) are given by
S(t)
S{ey+ [1—8(1)] exp (:r;% i‘{f})

< 5(1) < 5(1)
St} +[1—8(r}] exp (—:r;%r i‘{f})
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Simultaneous Confidence Intervals

e Confidence bands show with a given confidence level that the
survival function falls within the interval for all time points.

e There are two approaches in SAS for constructing
simultaneous confidence intervals.

e Equal precision (CONFBAND=EP) confidence intervals are
proportional to the pointwise confidence intervals.

e Hall-Wellner (CONFBAND=HW) confidence intervals are not
proportional to the pointwise confidence intervals.

e Transformations that are used to improve the pointwise
confidence bands can be used to improve the simultaneous
confidence bands.
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L

Simultaneous Confidence Intervals

HEFSE {.ifL} HEFSE {.if;_.r }

Let 4y = =
= T o) T 1 +no2 (1)

Let {W“(u),0 < u < 1} be a Brownian bridge.
Hall-Wellner Band
The 100{1—x)% HW band of Hall and Wellner (19580) is
$(t) —hglay.ap n I (1 +n62(1)]8(1) < S(1) < 8(1) +ha ap .y T [1 +ne2(1)]S(1)
for all 1, < t < f;, where hg(ap,ap ) is given by

a=Pr{ sup Wu}| > hgla,.a;)}

apsusay

The critical values are computed from the results in Chung (1986).
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Simultaneous Confidence Intervals

Mote that the given confidence band has a formula similar to that of the (linear) pointwise confidence interval, where fig(ar . ac ) and nt L +nU§{I}]SA{I} in the former
correspond to g and &(S{f}) in the latter, respectively. You can obtain the other transformations (arcsine-square root, log-log. log, and logit) for the confidence bands by

replacing g and (1) in the corresponding pointwise confidence interval formula by hg(ay . ar: ) and the following (1), respectively.

s Arcsine-Square Root Transformation

~ 1+nog (1) (1)
H) = 2\ all—s()]

s Log Transformation

~ 1+nog (1)

HOES T

s Log-Log Transformation

_ L+nog(r)
4= aoslSw

s Logit Transformation

B 1 +nog(1)
1= Z=s0)
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Simultaneous Confidence Intervals

Equal-Precision Band

The 100(1-e)% EP band of Nair (1984) is
S(t)—eqla.ap )8(t)os(t) < S(t) < S{t) +eqlay,a ) S(t) o5 (1)

for all 1y < 1 < iy, where ea{aL.a;_.r} is given by

sup | {H}l ey a
“= Pr{a;_{n{ag [u{]—u}] - a{ = U}}

PROC LIFETEST uses the approximation of Miller and Siegmund (1952, Equation 8) to approximate the tail probability in which eg{ay . ar ) is obtained by solving x in

4’(0'-"[3(} {x}( ) o [ﬂU{]_ﬂL}] _

ﬂL'[] —ay |

where ¢{x) is the standard normal density function evaluated at x. Mote that the confidence bounds given are proportional to the pointwise confidence intervals. As a
matter of fact, this confidence band and the (linear) pointwise confidence interval have the same formula except for the critical values ['»'u for the pointwise confidence

interval and e g ay ., ar ) for the band). You can obtain the other transformations (arcsine-square root, log-log, log, and logit) for the cnnﬁdence bands by replacing g by
t’a{ﬂL.ﬂu} in the formula of the pointwise confidence intervals.
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Comparing Survival Functions

1.00 1
0.75 |
Survival
Distribution 0.50 1 Female
Function
0.25 |
Male
0.00 1, : : : , : .
10 20 30 40 50 60
Time
Let k be the number of groups. Let 5;{f} be the underlying survivor function ith group, i=1,.. ., k. The null and alternative hypotheses to be tested are
Ho: 511} =5t} =...=8(t)forallf <1

VEBIsUS

H, : at least one of the S,-{.f}'s is different for some f << 1

respectively, where T is the largest observed time.
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Likelihood-Ratio Test

The likelihood-ratio test

e is a parametric test that assumes that the distribution of event
times follows an exponential distribution

e can be verified if the plot of the negative log of the survival
function by time follows a linear trend with
an origin of o.

The likelihood ratio test statistic (Lawless; 1982) for test Hy versus Hy assumes that the data in the various samples are exponentially distributed and tests that the scale
parameters are equal. The test statistic is computed as

£ oo (£) 2 s (3)

where N is the total number of events in the jth stratum, N = E'!; 1 Nj. Ty is the total time on test in the jth stratum, and T = Er .1 T;. The approximate probability value
is computed by treating ¥~ as having a chi-square distribution with k—1 degrees of freedom.
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Nonparametric Tests

Let #; <tz < ... < Ip be the distinct event times in the pooled sample. At time 1, let W{1;} be a positive weight function, and let »;; and d;; be the size of the risk set and
the number of events in the jth sample, respectively. Let n; = E'!rl nij, di = E'!rl dij, and 5; = nm; — d;.

The choices of the weight function W{i;} are given in Table 43.3.

Table 49.3 Weight Functions for Various Tests

Test Wii;)
Log-rank 1.0
Wilcoxon 1
Tarone-Ware 1
Peto-Peto j-.’_r,-]

Modified Peto-Peto  §{(r;} 2
Harrington-Fleming (p.q) :ﬁ-[r,-]:F':E - f-[ r,-]:*"_p =0,g=10

where f-[r] is the product-limit estimate at 1 for the pooled sample, and 5{?] is a sunvivor function estimate close to f-[r] given by

8(1) =H(‘ _n,-{if)

£

618



Log-Rank Test

The log-rank test

e tests whether the survival functions are statistically
equivalent

* is a large-sample chi-square test that uses the observed and
expected cell counts across the event times

e has maximum power when the ratio of hazards is constant
over time

* loses power in the presence of interactions.
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Log-Rank Test for Two Groups

(Zr:(dlj _elj)]

where d; is the number of events that occur in group 1 at
time j, and e,; is the expected number of events in group 1
at time .
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Wilcoxon Test

The Wilcoxon test
e is also known as the Gehan test or the Breslow test

e can be biased if the pattern of censoring is different between
the groups

e loses power in the presence of interactions.
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Wilcoxon Test for Two Groups

(o Y
an(dlj_elj)

\_ = J
[ r N\

var an(dlj—elj)
\J=1 J

where 7;is the total number at risk at each time point.
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Log-Rank versus Wilcoxon Test

Log-rank test

e is more sensitive than the Wilcoxon test to differences
between groups in later points in time.

Wilcoxon test

e is more sensitive than the log-rank test to differences between
groups that occur in early points in time.
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New Tests in SAS°9

e Tarone-Ware test uses a weight equal to the square root of the
number at risk. This gives more weight to differences between
the observed and expected number of events at time points
where there is the most data.

e Peto-Peto and Modified Peto-Peto tests use weights that
depend of the observed survival experience of the combined
sample. The principle advantage of these tests is that they do
not depend on the censoring experience of the groups.

e Harrington-Fleming test incorporates features of both the
log-rank and Peto-Peto tests.
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Stratified Tests

e Stratified tests are used when you want to compare survival
functions across k populations while controlling for other
covariates.

e They are different than the k-sample tests which only
compare survival functions across k populations.

e Stratified tests are available in SAS 9 with the use of the
GROUP= option in the STRATA statement.
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Syntax for Stratified Tests

STRATA variablel / GROUP variable2 TEST=(list);

/ \

Distinct values Distinct values

represent the m represent the &
strata populations
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Multiple Comparison Methods

e Bonferroni correction to the raw p-values

e Dunnett’s two-tailed comparisons of the control
group with all other groups

e Scheffe’s multiple-comparison adjustment
e Siddk correction to the raw p-values

e Paired comparisons based on the studentized maximum
modulus test

e Tukey’s studentized range test
e Adjusted p-values from the simulated distribution
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Specification of Comparisons

e DIFF=ALL requests all paired comparisons.

e DIFF=CONTROL <(’string’ <...’string’>)> requests
comparisons of the control curve with all other curves.

* To specify the control curve, you specify the quoted strings of
formatted values that represent the curve
in parentheses.
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Unstratified Tests

The rank statistics (Klein and Moeschberger; 1997, Section 7.3) for testing Hp versus Hy have the form of a k~vector v = (v, va.....ve ) with

b 1 s

and the estimated covariance matrix, V = (Vy; ], is given by

Lisi{nng 8y — gy | }

ni{m —1)

n
Vie=Y W3 r.-]{
i=1

where 5_“- is 1if j = and 0 otherwise. The term v; can be interpreted as a weighted sum of observed minus expected numbers of failure under the null hypothesis of

identical survival curves. The overall test statistic for homogeneity is v'V ™ v, where V™ denotes a generalized inverse of V. This statistic is treated as having a chi-square
distribution with degrees of freedom equal to the rank of ¥ for the purposes of computing an approximate probability level.

Stratified Tests

Suppose the test is to be stratified on M levels of a set of STRATA variables. Based only on the data of the sth stratum (s = 1... M), let v, be the test statistic (Klein and
Moeschberger; 1997, Section 7.5) for the sth stratum, and let ¥; be its covariance matrix. Let

M
v — Z Vs
s=1
M
Y = z .v.':'
s=1
A global test statistic is constructed as

¥ =vVy

Under the null hypothesis, the test statistic has a ¥ distribution with the same degrees of freedom as the individual test for each stratum.
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Multiple-Comparison Adjustments

Let ﬁ denote a chi-squared random variable with r degrees of freedom. Denote ¢ and ® as the density function and the cumulative distribution function of a standard
normal distribution, respectively. Let m be the number of comparisons; that is,

k(k—1} -
m—d = DIFF =ALL
k—1 DIFF = CONTROL

For a two-sided test comparing the survival of the jth group with that of ith group, I < j+# 1 < r, the test statistic is

_ (vyewmp
5=

and the raw p-value is

p=Pr(xi > )
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Adjusted pvalues for various multiple-comparison adjustments are computed as follows:

Bonferroni Adjustment
p=min{1, mPr(y{ >z, )}

Dunnett-Hsu Adjustment

With the first group being the contral, let C =

(€} be the (r—1} x r matrix of contrasts; that is,

I i=l..or—Lj=2...r

cy=4 -1 j=i+Li=2...r
1] otherwise

Let £ = (0;;) and R = (ri;} be covariance and correlation matrices of Cv, respectively: that is,

E=CVC'
and
F.0 = GU
N Vi 0

The factor-analytic covariance approximation of Hsu (1992) is to find A.....A-_ such that

R=D+a1

where D is a diagonal matrix with the jth diagonal element being 1 — A, and 4 = (4,..., A, }". The adjusted pvalue is

oo Lo

which can be obtained in a DATA step as

p=PROBMC("DUNNETT2", z;,,

)-+(F=e e

o = 1,11,...,41,._1}.
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Scheffe Adjustment

p=Pry; > )
Sidak Adjustment

p=1—{1—Pr(yi > )"
SMM Adjustment

p=1-[2D(zy) - "
which can also be evaluated in a DATA step as

p=1—-PROBMC{"MAXMOD", LTI . ml.
Tukey Adjustment
p=1— [ ro(y)i@(y) - ®(y—va2z,) ' dy
which can also be evaluated in a DATA step as

p=1—-PROBMC("RANGE", v2z . ...r}.
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LIFETEST Procedure

General form of the LIFETEST procedure:

PROC LIFETEST DATA=SAS-data-set <options>;
TIME variable <*censor(list)>;
STRATA variable <(list)> <...variable <(list)>>
</options>;
TEST variables;
RUN;

* The simplest use of PROC LIFETEST is to request the nonparametric estimates of the survivor
function for a sample of survival times. In such a case, only the PROC LIFETEST statement and the
TIME statement are required. You can use the STRATA statement to divide the data into various strata.
A separate survivor function is then estimated for each stratum, and tests of the homogeneity of strata
are performed. 633



Hazard Function (rizikova funkce)

The hazard function

e is the instantaneous risk or potential that an event will occur
at time t, given that the individual has survived up to time t

e takes the form number of events per interval of time

e is arate, not a probability, that ranges from zero to infinity.
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Hazard Function Conditional
/ Probability
ht) = fim Pt<T <t+At|T >t)
At—0 At

\ I Interval of time
Instantaneous risk or potential

(okamzité riziko/potencial)

Plati:

h(t) = m = —g IN(S(t)) kde f(t)je hustota nahodné veli¢iny T.

S(t) ot

t
S{t)=exp(—H(t)) kde H(t)= j h(X)dX je tzv. kumulativni rizikova funkce.
0

635



“

Hazard Function

0.07 1

0.06
0.05
0.04 -
Hazard
Function o003

0.02 1

0.01

10 20 30 40 50

Month

636



10. Cox model

Good customers Bad customers

—

Low risk High risk

637



Survival Models

Models in survival analysis
e are written in terms of the hazard function
e assess the relationship of predictor variables to survival time

 can be parametric or nonparametric models.
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Parametric versus Nonparametric
Models

Parametric models require that
e the distribution of survival time is known

e the hazard function is completely specified except
for the values of the unknown parameters.

Examples include the Weibull model, the exponential
model, and the log-normal model.
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Parametric versus Nonparametric
Models

Properties of nonparametric models are
e the distribution of survival time is unknown

e the hazard function is unspecified.

An example is the Cox proportional hazards model.
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Cox Proportional Hazards Model

hi (t) — hO (t)e{'glxi1+"'+/8kxik}

e

Baseline Hazard function -

involves time but
predictor variables

not

N\

Linear function of a
set of  predictor
variables - does not
involve time
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Popularity of the Cox Model

The Cox proportional hazards model

e provides the primary information desired from a survival
analysis, hazard ratios and adjusted survival curves, with a
minimum number of assumptions

e is a robust model where the regression coefficients closely

approximate the results from the correct parametric model.
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Measure of Effect

Hazard ratio = hazard in group A
hazard in group B

— e/él (XiA_XiB)
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Properties of the Hazard Ratio

&

Group B
Higher
Hazard

Group A
Higher
Hazard

oo —>
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Proportional Hazards Assumption

Log h(t)

Males

Females

Time
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Nonproportional Hazards

Males

Log h(t)

—\ Females

Time

646



Cox model in credit scoring

Credit-scoring systems were built to answer the question, "How likely is a credit
applicant to default by a given time in the future?”" The methodology is to take a sample
of previous customers and classify them into good or bad depending on their
repayment performance over a given fixed period. Poor performance just before the
end of this fixed period means that customer is classified as bad; poor performance
just after the end of the period does not matter and the customer is classified as good.
This arbitrary division can lead to less-thanrobust scoring systems. Also, if one wants
to move from credit scoring to profit scoring, then it matters when a customer defaults.
One asks not if an applicant will default but when will they default. This is a more
difficult question to answer because there are lots of answers, not just the yes or no of
the "if' question, but it is the question that survival analysis tools address when
modeling the lifetime of equipment, constructions, and humans.

Zdroj: Thomas, Edelman, Crook - Credit scoring and its application.
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Cox model in credit scoring

Using survival analysis to answer the "when" question has several advantages over
standard credit scoring. For example,
* it deals easily with censored data, where customers cease to be borrowers (either
by paying back the loan, death, changing lender) before they default;
* it avoids the instability caused by having to choose a fixed period to measure
satisfactory performance;
* estimating when there is a default is a major step toward calculating the
profitability of an applicant;
* these estimates will give a forecast of the default levels as a function of time,
which is useful in debt provisioning;
* this approach may make it easier to incorporate estimates of changes in the
economic climate into the scoring system.

Zdroj: Thomas, Edelman, Crook - Credit scoring and its application.
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Cox model in credit scoring

Let 7 be the time until a loan defaults. Then there are three standard ways to
describe the randomness of 7 in survival analysis (Collett 1994): S(t), f(t) and A(t).

Two of the commonest lifetime distributions are the negative exponential, which with
parameters A has S(t) = e, f(t) = de™™, and A(¢) = A, and the Weibull distribution,
which with scale A and shape k has S(f) = e~ ®*| f(1) = kArtLe= " and h(r) = kaket—L,
The former has no aging effect in that the default rate stays the same over time; the latter
is more likely to default early on if ¥ < 1, is more likely to default late on if £ > 1, and
becomes the negative exponential distribution if X = 1.

Zdroj: Thomas, Edelman, Crook - Credit scoring and its application.
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Cox model in credit scoring

In standard credit scoring, one assumes that the application characteristics affect
the probability of default. Similarly, in this survival analysis approach, we want
models that allow these characteristics to affect the probability of when a customer
defaults. Two models have found favor in connecting explanatory variables to failure
times in survival analysis:

- proportional hazard models

- accelerated life models.

If x = (Xy... X,) are the application (explanatory) characteristics, then an
accelerated life model assumes that

S(@) = So(e™™t) or h{t) = e hp(e™ ™)

where /A, and S, are baseline functions, so the x can speed up or slow down the
aging of the account. The proportional hazard assumes that

h(t) = e"*ho(t)
so the application variables x have a multiplier effect on the baseline hazard.

650

Zdroj: Thomas, Edelman, Crook - Credit scoring and its application.



Cox model in credit scoring

Cox (1972) pointed out that in proportional hazards one can estimate the weights w
without knowing #A,(t) using the ordering of the failure times and the censored
times. If {,and x; are the failure (or censored) times and the application variables for
each of the items under test, then the conditional probability that customer /
defaults at time ¢ given that R(7) are the customers still operating just before ¢- is
given by

exp{w - X; }ho(r) B exp{w - x;}
2 ker) SXPIV - Xetho(1) D gerqy EXPIW - X}

which is independent of /4,,.

Zdroj: Thomas, Edelman, Crook - Credit scoring and its application.
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PHREG Procedure

PROC PHREG DATA=S5AS-data-set <options>;
CLASS variable <(options)><...variable <(options)>></options>;
MODEL response<*censor(list)>=variables </options>;
STRATA variable<(list)><...variable<(list)>> </options>;
CONTRAST < Tabel> effect values<,.., effect values> <[options>;
ASSESS keyword </options>;
HAZARDRATIO <’/abel> variable </options>;
<label:> TEST equationl <,..., equationk> < [options>;
WEIGHT variable</option;
BASELINE <OUT=5A45-gata-set><COVARIATES=
SAS-data-set>< keyword=name...> </options>;
OUTPUT <OUT =5A4S-data-set> <keyword=name...
keyword=name> </options>;
programming statements,
RUN;
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11. Méreni kvality (sily) modelu,
validace modelu.
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How Good Is the Scorecard?

And which one is the best?

Combination of statistical measures and business
objectives

e Misclassification (Confusion) matrix
e Scorecard strength measures
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Misclassification

Confusion matrix

Predicted
e Accuracy Good Bad
° (TP+TN)/total ‘_:,U Good True Positive False Negative
e Errorrate < Bad False Positive True Negative

» (FP+FN)/total

e Sensitivity ; Specificity Good’/"Bad” is above/below chosen cutoff.

 (TP)/Actual Positives ; (TN)/Actual Negatives
e Positive ; Negative predicted value

» TP/predicted positives ; TN/predicted negatives

Want to max accuracy and min error rate.
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Misclassification

Confusion matrix
e Acceptance of bads (FP)
e Acceptance of goods (TP)
e Decline Goods (FN)

Predicted
e Decline Bads (TN) Good Bad
= Good True Positive False Negative
>
o
< Bad False Positive True Negative

Want to min rejection of goods and max rejection of bads.
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Misclassification

e Approval rate: bad rate relationship
e Objective:
« Minimize the rejection of goods or acceptance of bads

« Best option for desired bad rate, approval rate

e Compare scorecards and cutoff choices.

“I'd rather approve some bads than reject good customers” vs “the cost of approving bads is
too high, we can deal with PR”.

Generate these stats for different cutoff rate choices and compare with base Il.e. current
approval and bad rates.

If several models are being compared, generate these for same bad rate or approval rate. lL.e.
choose different cutoffs to get same bad rate.
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Misclassification: Oversampling

* Need to adjust for oversampling if have not done so before
this step

e Sensitivity/specificity unaffected by oversampling
e Multiply cell counts by sample weights (i, and )

Predicted

Good Bad

n*(True Ps/Actual
Ps)* M

Good n*(1-Sens)* 1M,

Actual

Bad n*(1 - Spec)* 1g n*(Spec)* 1mg
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Scorecard Strength

e Akaike’s Information Criterion (AIC)
e Schwartz Bayesian Criterion (SBC)

» -(score test statistic) + penalty term
Penalty term = (k + 1). Ln(n)
k = number of variables

n = sample size

Penalise for adding parameters to the model ...
Smaller values are better.
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KS Statistic

Max difference between cumulative distributions of goods

and bads across score ranges

Kolmogorov-Smirnov
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Scorecard Strength

e C - Statistic

« Area under the ROC curve, Wilcoxon-Mann-Whitney test.

ROC Curve
1 T.—'I"r’——
Y - e
308 /_--‘ ”’/’
= 06 == -
a - 7 - - ,——/z
é 0.4 < =
0.2 =
’_/
0 ,’ 1 1 1 1
0 0.2 0.4 0.6 0.8
(1 - Specificity)
Scorecard - A ———-Random = = = =Scorecard - B

You may be wondering where the name "Receiver Operating Characteristic" came from. ROC analysis is part of a field called "Signal Detection Theory" developed
during World War II for the analysis of radar images. Radar operators had to decide whether a blip on the screen represented an enemy target, a friendly ship, or
just noise. Signal detection theory measures the ability of radar receiver operators to make these important distinctions. Their ability to do so was called the
Receiver Operating Characteristics. It was not until the 1970's that signal detection theory was recognized as useful for interpreting medical test results.
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Scorecard Strength

Gains Chart: Cumulative Positive Predicted Value
versus Distribution of Predicted Positives (depth)

Lift/concentration curve: Sensitivity versus Depth
Lift = Positive predicted value / % positives in the sample

Misclassification costs (losses assigned to false
+positive and —positive)

Bayes Rule (minimizes expected cost)

Cost ratio (at what cutoff do I break even based on prior bad rate Le. if bad odds

are 9:1, you need a cutoff where 1 bad and 9 goods)

Somers’ D, Gamma, Tau-a
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Information value

 The special case of Kullback-Leibler divergence given by:

Iyal / frv(z)de  where frv(z) = (fi(x) — fo(x))In (;;Ei%)

fo. f1 are densities of scores of bad and good clients.

The example of fry () for 10% of bad clients with fo ~ N(0,1) and 90% of
cood clients with f; ~ N(4,2)

2.5

12 0 0.2 0.4 0.6 08 1
rej scale 663



Information value

Informacni hodnota () — spojity pfipad (Divergence):

T J coop (X)
1, = __[O(fGOOD (X) = fs0 (x))ln[ ) ]dx

Faite (X) = Tooop (X) — Taap (X)

0.3

_ feoop (X)
()= In( fanp (X) ]




Information value

Informacni hodnota (I ,) — diskretizovany spojity pfipad:

e Nahradime hustotu jejim jadrovym odhadem a spocteme integral numerlcky (napr.
pomoci slozeného lichobeéznikoveho pravidla). -

3
e S pouzitim Epaneénikova jadra, K(X) = Z(l—xz)' I(xe[-11)) .
a optimalni Sirky vyhlazovaciho okna h,s , dostaneme

fiv (X) ( fsoop (X, Nos ») — ~BAD (%, hos,z))'l‘{ fEOOD (X, hOS’Z)J

fBAD (X, hos,z)

e Pro danych M+1 bodl X,,..., X,, dostavame

Xy

ol = — 7 oM (f,V(XO)+ZZ fIV(X)+fIV(X ))

5555555
sssss
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Information value

Informacni statistika/hodnota (l,,) — diskrétni pfipad:

e \lytvofime intervaly skore — typicky decily. Pocet dobrych (Spatnych) klientd v i-tém
intervalu ozna¢ime  9; (b,

e Musi platit g, >0,b, >0 Vi

V 4 V 4
e Potom dostévame | - Z g H In g;m
val =
—\.n m b.n
score int.| # bad ciients | #good clients | % bad [1] | % good [2] | 31 = 21- (1| 1= 21 /111 | [61=1n[4] | 1= 31" [6]
1 1 10 2,0% 1,1% -0,01 0,53 -0,64 0,01
2 2 15 4,0% 1,6% -0,02 0,39 -0,93 0,02
3 8 52 16,0% 5,5% -0,11 0,34 -1,07 0,11
4 14 093 28,0% 9,8% -0,18 0,35 -1,05 0,19
5 10 146 20,0% 15,4% -0,05 0,77 -0,26 0,01
6 6 247 12,0% 26,0% 0,14 2,17 0,77 0,11
7 4 137 8,0% 14,4% 0,06 1,80 0,59 0,04
8 3 105 6,0% 111% 0,05 1,84 0,61 0,03
9 1 97 2,0% 10,2% 0,08 5,1 1,63 0,13
10 1 48 2,0% 5,1% 0,03 2,53 0,93 0,03
All 50 950 Info. Value| 0,68
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Information value

Informacni hodnota pro 2 priklady scoringovych modeld:
SC1:

decile # cleints # bad clients #good % bad [1] % good [2] [3] =[2] -[1] | [4] =[2]/[1] [5] = In[4] [6] =[3] *[5]| cum. [6]
1 100 35 65 35,0% 7,2% -0,28 0,21 -1,58 0,44 0,44
2 100 16 84 16,0% 9,3% -0,07 0,58 -0,54 0,04 0,47
3 100 8 92 8,0% 10,2% 0,02 1,28 0,25 0,01 0,48
4 100 8 92 8,0% 10,2% 0,02 1,28 0,25 0,01 0,49
5 100 7 93 7,0% 10,3% 0,03 1,48 0,39 0,01 0,50
6 100 6 94 6,0% 10,4% 0,04 1,74 0,55 0,02 0,52
7 100 6 94 6,0% 10,4% 0,04 1,74 0,55 0,02 0,55
8 100 5 95 5,0% 10,6% 0,06 2,11 0,75 0,04 0,59
9 100 5 95 5,0% 10,6% 0,06 2,11 0,75 0,04 0,63
10 100 4 96 4,0% 10,7% 0,07 2,67 0,98 0,07 0,70
All 1000 100 900 Info. Value 0,70

SC 2:

decile # cleints # bad clients #good % bad [1] % good [2] [3] =[2] -[1] | [4] =[2]/[1] [5] = In[4] [6] =[3] *[5]| cum. [6]
1 100 20 80 20,0% 8,9% -0,11 0,44 -0,81 0,09 0,09
2 100 18 82 18,0% 9,1% -0,09 0,51 -0,68 0,06 0,15
3 100 17 83 17,0% 9,2% -0,08 0,54 -0,61 0,05 0,20
4 100 15 85 15,0% 9,4% -0,06 0,63 -0,46 0,03 0,22
5 100 12 88 12,0% 9,8% -0,02 0,81 -0,20 0,00 0,23
6 100 6 94 6,0% 10,4% 0,04 1,74 0,55 0,02 0,25
7 100 4 96 4,0% 10,7% 0,07 2,67 0,98 0,07 0,32
8 100 3 97 3,0% 10,8% 0,08 3,59 1,28 0,10 0,42
9 100 3 97 3,0% 10,8% 0,08 3,59 1,28 0,10 0,52
10 100 2 98 2,0% 10,9% 0,09 5,44 1,69 0,15 0,67
All 1000 100 900 Info. Value 0,67
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Information value

Oznacime-li 7, :(

SC1

SC2

. b X /4 V4
&——’j I, =1n[glmj, dostavame:
n m ’ b

N
0.10 1,50 0,50 0,80
045 —|_diif *I_LR
0,05 1 1,00 ' cum. I_diff * I_LR 0,70
0,40 -
0,00 0,60
0,50 0,35 -
-0,05 0,30 4 0,50
+ 0,00
0,25 - 0,40
0,10
1 -0,50 0,20 1 0,30
0,15 015 1
0,20
0,20 T 010 1
0.05 1 0,10
0,25 1 -1,50
0,00 0,00
-0,30 2,00
0,10 2,00 0,16 0,80
— I_diff —|_diif *I_LR
—| | R 0,14 A ey + 0,70
oo ! 1150 cum. I_diff *I_LR
s 0,12 T 0,60
T 1,00 0,10 - + 0,50
0,00 . . .
7 8 9 10 0,08 - + 0,40
+ 0,50
0,06 - + 0,30
0,05
+ 0,00 0,04 - + 0,20
0,10 0,02 - + 0,10
0,50
0,00 0,00
2 3 4 5 6 10
0,15 1,00

K-S

Gini

Lift, 00,
Liftsoo,
I
Vai209
Ival50%

val

K-S

Gini

Lift, 00,
Lifte oo
I
IvaIZO%
Ival50%

val

=0.34
=0.42
= 2.55
=1.48
=0.70
=0.47
=0.50

=0.36
=0.42
=1.90
=1.64
= 0.67
=0.15
=0.23
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I, for normally distributed scores

» Assume that the scores of good and bad clients are normally
distributed, i.e. we can write their densities as

) =)
1 e 205

1 20 -
fl(X):Gg\/ﬂe Jo(X) Gb\/ﬂ

» Assume that standard deviations are equal to a common value o :

ll’lg _ll’lb
O

2
.., =D where D=

» Generally (i.e. without assumption of equality of standard deviations):

]val=(A+1)D2+A—l, A:l[o-b_k gJ where D — M, = L,

2 2 5 5
2 Jo:+o,

o, O,
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I, for normally distributed scores

19,51

1457 ,
E 5 1 - 1
] - 2
] ! PR d
: 3 Iy 4 )
9,54 o &mug 55 &sigma;h
&sigma;g
0 1 5 1
3 4 0

= ™
cb: TV 0.996 pb VY 0000

og U asu T 3 4000

» We can see a quadratic dependence on difference of means.
» 1., takes quite high values when both variances are approximately equal and
smaller or equal to 1, and it grows to infinity if ratio of the variances tends to

infinity or is nearby zero. 670



I, for normally distributed scores

Ival: lle :O, o-lf :1

Q Velmi silna zavislost na g, . Navic hodnota I, mifi velmi
rychle k nekonecnu pokud se o bliZi nule.
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Empirical estimate of I,

The main idea of this approach 1s to replace unknown densities by their
empirical estimates. Let's have n score values, of which ng score values
sp;s © = 1,...,ng for bad clients and n; score values s, 7 =1,...,n; for
good clients and denote L (resp. H) as the minimum (resp. maximum)
of all values. Let’s divide the interval [L,H| up to r equal subintervals

(g0, q1], (q1.q2], ..., (@r—1,qr], where qo = L,q, = H. Set

ZI( € (gj-1.45])

= > I(s1 € (joreq))s G=1looor
i=1

observed counts of bad or good clients in each iterval. Then the empirical
Information value i1s calculated by

T
-~ ni; no; ni;no
IvaE,DEG = E — In -
- T no np, 1

=1
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Empirical estimate of I,

d However in practice, there could occur computational
problems. The Information value index becomes infinite in
cases when some of n, Or n, are equal to o. When this arises
there are numerous practical procedures for preserving finite
results. For example one can replace the zero entry of
numbers of goods or bads by a minimum constant of say
0.0001. Choosing of the number of bins is also very
important. In the literature and also in many applications in
credit scoring, the value r=10 is preferred.
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Empirical estimate with
supervised interval selection

» We want to avoid zero values of N, Or 1, .
» We propose to require to have at least k, where k is a

positive integer, observations of scores of both good and
bad client in each interval.

> Set go=1L 1
a=Fy (&) i=1,..., %)
g mo 4 = H,

where g-i() is the empirical quantile function
appropriate to the empirical cumulative distribution
function of scores of bad clients.
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Empirical estimate with
supervised interval selection

» Usage of quantile function of scores of bad clients is motivated by the
assumption, that number of bad clients is less than number of good clients.

» 1If n, is not divisible by k, it is necessary to adjust our intervals, because we
obtain number of scores of bad clients in the last interval, which is less than k. In
this case, we have to merge the last two intervals.

» Furthermore we need to ensure, that the number of scores of good clients is as
required in each interval

» To do so, we compute n, for all actual intervals. If we obtain n, < k for jth
interval, we merge this interval with its neighbor on the right side.

» This can be done for all intervals except the last one. If we have n, < k for the
last interval, than we have to merge it with its neighbor on the left side, i.e. we
merge the last two intervals.
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Empirical estimate with
supervised interval selection

» Very important is the choice of k. If we choose too small value, we get
overestimted value of the Information value, and vice versa. As a
reasonable compromise seems to be adjusted square root of number of bad

clients given by
k= [v‘%1

» The estimate of the Information value is given by

-
-~ T . ne 1170
Lol EsIs = E - —— | In -

v mq Q) ng, 1y

j=1

where n,, and n,. correspond to observed counts of good and bad clients in
intervals created according to the described procedure.
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Simulation results

> Consider n clients, 100pz% of bad clients with  f,:N(x.0,) and
100(1-pg)% of good clients with f,: N(z,0,)

2
> Because of normality we know |, = (Mj
O

» Consider following values of parameters:
=n = 100000, n= 1000
"Ho =0
"0,=0; =1
=y, =0.5,1,1.5
= pg = 0.02, 0.05, 0.1, 0.2
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Simulation results

1) Scores of bad and good clients were generated according to given
parameters.

2) Estimates | pec:  laikern:  luaesis Were computed.
3) Square errors were computed.

4) Steps 1)-3) were repeated one thousand times.

5) MSE was computed.
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Simulation results

n=100000, =My = 0.5 n=1000, = My = 0.5
Ps
MSE 0.02 0.05 MSE
X X . WOr
IV_decil 0,000546 | 0,000310 IV_decil 0,025574 - orst

* average
- * best performance

IV_kern 0,000487 0,000232 0,000131 0,000076 IV_kern 0,017547 0,009281 0,004737
0,000218 | 0,000127 IV_esis 0,038331 | 0,021980 | 0,016280 | 0,008028

n=100000, (4 — /4 = 1.0 n=1000, /4 —z4,= 1.0
MSE Ps MSE Ps
0.02 0.05 0.1 0.2 0.1 0.2
IV_decil IV_decil 0,043097 | 0,029788
IV_kern | 0,003396 | 0,001697 | 0,001064 | 0,000646 0,117332 EXYZEE
VIS 0,002146 0,000973 0,000477 0,000568 VS ETI ] 0,071088 |0,036503 | 0,023609
n=100000, i — sz, = 1.5 n=1000, 4 — i, = 1.5

Pg

MSE MSE

0.02

0,020166 IV_decil

IV_kern 0,019561 | 0,010789 [Fofe[o[oy/ RN A [0]:2:{Cp 2 IV_kern (PRI ANELEVEEN 0,266912 | 0,196856
IV_esis (R EDZET P bERER S 0,007565 IV_esis 0,609193 | 0,352151 [NofslypA LB SRRy
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Adjusted empirical estimate with
supervised interval selection (AESIS)

> Je zrejmé, ze volba parametru k je zcela zasadni. Otazkou
tedy je:

= Je volba k= [\/no| optimalni (vzhledem k MSE)?
= Jaky vliv na optimalni k ma n,?

= A jaky vliv, pokud viibec, ma rozdil strednich hodnot 44 — £ ?
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Simulation results

O Consider 10000 clients, 100pg% of bad clients with f,:N(z.1) and 100(1-pg)%

of good clients with f,: N(z ). Set x, =0and consider s = 0.5,1and 1.5,
py = 0.02,0.05,0.1 and 0.2

MSE = E(( fval —1,.,)°) ‘ Kyse = n::r:rﬁrmin MSE.

=

kMSE pBr
0.02 0.05 0.1 02
0.5 29 42 62 84
L — thy 1 12 18 23 32
15 6 9 8 9
k= [yno] 15 23 32 45

=

avg. # of bins

Pe

002 | 0.05 0.1 0.2
05 8,00 | 13,00 | 18,00 | 24,90
Hy— My, 18,00 | 28,80 | 42,76 | 51,88
1.5 | 33,62 | 50,20 | 95,96 | 127,67
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Simulation results

0 Dependence of MSE on k, 14 — 14, =1,

» The highlighted circles correspond to
values of k, where minimal value of the MSE

is obtained. The diamonds correspond to

values of k given by & = [\ /ng | -

Pg

0.05

0.1

0.2

Ps

0.02

0.05

0.1

0.2

ol 0.02
‘ 05| 31
o~ Hy

45

61

84

1 12

| L 2./PB 1+ 2

. 1.4
11 — io|

17

24

32

1.5| 7

10

14

19

29

42

62

84

12

18

23

32

6

9

8

9

where 1y and g are suitable estimates of means of scores of good and bad
20 1s the proportion of bad clients.

clients, pp = %

= e

Pg = 5%
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ESIS.1

» Algorithm for the modified ESIS: -

wherek = [ /ng |
4 k 4 k
2) Ui = F 1("1_1} dio = Fo 1(n_oJ

3) Swx = max(qjl’qu)

4) Add S, to the sequence, i.e. q=[q,S, ., ]
5) Erase all scores = S
6) While ny and n, are greater than 2*k, repeat step 2) — 5)

/) g =[min(score)—1,qg, max(score)]
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ESIS.? | ] —
) 1 Point of
» U ptavodniho ESIS c¢asto dochazi ke slucovani . /\ | intersection
vypoctenych intervalt ve druhé fazi algoritmu. / \ N of densities
» Pro vypocet se pouZiva jen R (), Y e |
» Aby byla splnéna podminka n, >k, je ziejmé e
nutné, aby hranice prvniho intervalu byla vétSinez . ;ngit nqu;
Fll(nhj- . | difference of
) S A CDFs
> To vede k myslence pouZit ke konstrukei -} = _ 1
interval@t nejprve F () a nasledné, od né&jaké ]
hodnoty skoére o (). 1 Point of zero
> Jako vhodnd hodnota skore pro tento ucel se jevi | value of fiy
hodnota s, ve které se protinaji hustoty skore,

rozdil distribu¢nich funkci skore nabyva své = 5 =
maximalni hodnoty a také plati, Ze funkce f,,
nabyva nulové hodnoty.
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ESIS.2

» Algorithm for the modified ESIS:

1) S, =arg msz’;\x\F1 —F)

2) O, =F11( jr;lkj’ 1=1..., L%.Fl(SO)J
_ef K] N N |_
3 4, =F, (no J,J_{k Fo(so)—‘ ..... LKJ 1

4) q=[min(score)—-1,q,,q,, max(score) +1]

5) Merge intervals given by q, where number of bads is less than k.

6) Merge intervals given by q, where number of goods is less than k.

= oo

where k= |\/ng |
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AESIS.2 — Simulation results

4 Consider 1000, 10000 and 100000 clients, 100p;% of bad clients with f;: N(z4.1)and
100(1-pg)% of good clients with f; : N(z4.1) . Set g, =0 ,44 =0.5,1and 1.5 and consider

vy = 0.02,0.05,0.1 and 0.2,

MSE = E(( fval —1,.,)%) ‘ kyss = argmin MSE.

&

n =1000
n =10000
Kuse Pa
0.02 0.05 0.1 0.2 k Pg
0.5 15 19 22 45 MSE 0.02 0.05 0.1 0.2
Ly — Lo 1 3 8 11 16 0.5 29 51 77 112
1.5 2 3 6 7 M= My 1 15 24 28 45
k=1[yno] 5 8 10 15 1.5 6 11 11 14
k= ymno| 15 23 32 45
n =100000
k Pe

MSE 0.02 0.05 0.1 0.2

0.5 118 198 298 371

L — Uy 1 50 61 106 141

1.5 17 28 32 48

k = [Vno 5 8 10 15 686




Simulation results

d Dependence of MSE on £.
n=1000, p, =0.2

MSE
MSE

MSE

n =10000, p; =0.2

x10

n=100000, p; =0.05

L

MSE

=y =0.5

MSE

| 4=, =1.0

=ty =0.5 ty = o =1.5 y
W’ 2
n =10000
| k={ﬁ;f;nﬁ—‘ pB kMSE pB
0.02 | 0.05| 0.1 | 0.2 0.02 | 0.05| 0.1 | 0.2
05| 38 | 60 | 85 | 120 05| 29 | 51 | 77 | 112
= Ho 15 | 23 | 32 | 45 M=t 1| 15 | 24 | 28 | a5
15| 8 | 13 | 18 | 26 1.5 6 | 11 | 11 | 14
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J-divergence

» Bude nds zajimat vyjadieni J-divergence (neboli informac¢ni hodnoty) pro

normalni, Beta a Gamma rozlozeni.
Consider logistic regression model: Ln[ % | =bp+ ELI b; - x;. where
p 1s the modeled outcome (probability of default). b are coefficients and x;

are regressors. | hen we use following markings:

® score = by + Ef:lbi - Xj,

I-pgﬂﬂ{l:p: 1 = l

T N —score
1+Ebﬂ E:'=]_'hlxr ].+E

k
¢ odds = _P _ Ebﬂ_Z:elbf'xi — gCoTE
l-p
Consider score to be normally distributed random wvanable, which 1s

quite common consideration. Then 1t can be shown that pgood 15 beta

distributed and odds follows log-normal distribution.
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J-divergence

Definition 1.1. Jeffreys divergence (called J-divergence) of random
variables X and ¥ with probability density fimctions f(x) and g{x) 15 a
symmetrized Kullback-Leibler divergence given by

Dy(X.¥)=Dgr(X :¥)+ Dz (Y - X)

-7 (f)- g{xj)ln(f &), (L1)

w —0

where the Kullback-Leibler divergence D7 (X : I') is given by

Dir (X :7)= | ( {f{:)}u{f I] dx. (1.2)

The comnection to more general class of divergences, like general
Alphadivergences. Alpha-Eénvi or Jensen-Shannon divergence, can be found
in the literature, e g.. Cichocki and Aman [2]. Important properties like
convexity or strict positivity of Dy are diect consequences of Alpha-
divergence properties, witch could be found there as well.

[2] A Cichocld and 5. Amari, Famulies of alpha-beta-and gamma-divergences:
flexible and robust measures of simdlarities. Entropy 12 (2010), 1532-1568.
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2. Normally Distributed Scores

Let X and Y be nommally distributed random wvanables with density
functions fj(x) and fi(x) given by

(x—9)*

folx) = Jﬁﬁu e 2 ye(ww ). @.1)
(x—py )*

Alx) = Uﬁﬁ—le 2 ye (—o0, o). (2.2)

where |15, 1y, Gp > 0 and Gy > 0 are real constants.

Lemma 2.1. Consider X, Y to be random variables. Let fp(x) and fi(x)
be density functions given by (2.1) and (2.2). rmpecﬁvafy_ Then it holds

Proof.

D (X 1)= [ (ol taf L

_ o 62 2 = 3
() S [ A
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, 2100t -~ 1195)
20705

|7 x fowax

20'120'%

+|‘1¥0%_u'%ﬁlzjlm _)‘E]{x)dx

(o). iy —ue) +(c}—o})
_ln(ﬂé}r 1 261 — -

Using this lemma, we can get a formula for the J-divergence. It 1s
provided in the following Theorem 2.1.

Theorem 2.1. Consider X. Y to be random variables. Let fy(x) and

fi(x) be density functions given by (2.1) and (2.2), respectively. Then it
holds

—np)* - (af + )+ (af — o)’
26507 '

Proof. Following Definition 1.1 and the previous Lemma 2.1, we have

D;(X.Y)= (1

(24)

Dy(X.¥)=Dg7(X - ¥)+ Dsz (¥ - X)

=h(ﬂ)+ml—mz+(o% - i)
So 207

o), (o —1y) +(cf —oj)
+]n(01]+ 203

_ (my —no)* -(of +09) + (0F —03)*
26307
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For parametric estimation of D;. one can use (2.4) with MLE estimates
of the parameters. Consider X{. ... X/ ~ N{u;. g;). j=0.1 s arandom
j

sample of scores. MLE estimates (see [6]) are given by

My
iy =5 D @5)
i=1
1
r Z{aa ) (2.6)
i=1

[6] N.L. Johnson 5. Eotz and N. Balakrishnan, Continuous Univariate Distributions,
Volume 1, 2nd ed., Wiley, New York, 1994,
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3. Beta Distributed Scores

Let X and T be beta distributed random vanables with density functions
fo(x) and fi(x) given by

o) = i gy U xe 6
folx) = 0. x € (—o. 0JU[L o).

1 - _
A0 = gy *™ La-xPt xe(01).

filx) =0, x & (2, 0U[L ).

(3.2)

where dp > 0. oy >0, By > 0 and By > 0 are real constants.

Lemma 3.1. For real constants oy > 0, and Bg > 0 holds

! 1 an—1 -1 B
I 0 Blag. B)~ U —x)P7! - In(x)dx = w(ag) — w(og +Bo). (33)

where Wix) is the digamma function given by y(x) = I‘F{(T-:]} i

Proof. Using the formula

[ 0t o= L) (2]

which holds for all real constants 1 > 0, v >0 and » > 0 (see [3. p. 370.
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equation 4.253.1]). the statement of the lemma follows considering 1 = .
r=1and v = f.

O

More details about the digamma function can be found for instance in

Gradshtemn and Ryzhik [3] or Medmma and Moll [10]. Using the previous
lemma._ we can get a formmla for Dpy.

Lemma 3.2. Consider X, ¥ to be random variables. Let fp(x) and fi(x)
be density functions given by (3.1) and (3.2). respectively. Then it holds

Dz (X 1) = Inf B+ (ag - 0)wi@o) + (Bo —B1)v(Bo)

+(oq — g + By — Bo)wlag + Bg)- (3.4

[3] L 5. Gradstein and I. M. REyzhik, Tables of Integrals, Sums, Series and Products,
Academic Press. New York and London, 1065,

[10] L. A Medina and V. H. Moll, The integrals in Gradshtevn and Eyzhik. Part 10:

the digamma function Scientia, Series A: Mathemaical Sciences 17 (2009), 45-66.
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Proof. Using the previous Lemma 3.1 and the fact that f3(l—x) =

1
B(Bg. og)

xPo~l -(1 —x]uﬂ_l, we have
Der (X 1) = [ foto) 1o 2 Y

1 op-1 -1
- x -(1 —I}Bﬂ'
= [ fo(2)-1n 200 B0) s

1 T R P |
B gy~ )

=J'; fﬂ(x}-[ BE“I ﬁl})+]n @0 +1n(1—x)ﬂﬂ‘f’l]dx

_ m(g((:;: E},}ﬂ + (g — &y )W(ctg) + (Bo — By )w(Bo)

+(oy —ag + By — Bowlog + Bo)- O

The formula for J-divergence 1s the direct consequence of the previous
lemma.
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Theorem 3.1. Consider X, Y to be random variables. Let fyilx) and
filx) be density functions given by (3.1) and (3.2), respectively. Then it
holds

Dy(X.Y) = (o — ap)- (w(oy) —wleg)) +(By — Bo) - (w(By) — w(Bp))
+(ay —ag + By —Bo) - (wlog + Bg) —wloy +By)).  (3.5)
Proof. Follows from Defimition 1.1 and the previous Lemma 3 2:
DiX.Y)=Dpg (X Y )+ Dpg (Y - X)
= (o — o) - (way) — wlag)) + (By —Bo) - (w(By) — w(Bo))
+ (0 —ag + By — Bg) - (wleg + Bo) — w(ay +By))-

If we do not like to use the digamma function. we can use its
approximation. Then the formula for the J-divergence can be expressed in the

following way.
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L

Corollarvy 3.1.1. Following assumptions of the Theorem 3.1 and
approximation af digamma function Wx) = ln{x — 0.5) (can be found in [7]
p. 223). it holds

_ o — 0.5 %17 %0 B —0.5 P —Bo
D e N
st ] h{[ Bp 0.3

O — Dﬁ;
‘g + Bg — 0.5 M1~ P1—Fo
o = B

When the beta distribution 1s considered. one can use (3.3) or (3.6) for

parametric estimation of D; with moment or MLE estimates of the
parameters. Consider Ilf, X;:_ -~ Bem{;ui? |3}- ), 7=0.1 15 a random
J

sample of scores. MLE estimates of o j and j (see [7]) can be computed

iteratively by
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s | | i) _3(“?1 ﬁfr'k])r -[(ﬂ?:', ﬁ?’])]'l, (3.7
B B!

where

n; - (w(a+B)-w(@)+ Y Inx/
gla. B)= . -
ny-(w(a+B)—w@)+ ) Inll-x/)

ny-(i(e+B)—vi(@) - w(e+B) }

h =
“o L; e+ p) " - (e +B) = va(P)

2
and q(x) is the trigamma function defined as wy(x)= al"aix} _e I;F(x}_
x

As an mitial approximation one can take the moment estimates (see [/] for

[7] NW.L. Johnson 5. Kotz and N. Balaknshnan Continuous Univariate Distributions

Volume 2, 2nd ed., Wiley, New York, 1995, 698



4. Gamma Distributed Scores

Let X and ¥ be gamma distributed random wvarables with density
functions fj(x) and f(x) given by

Ay og—1 —hgx
folx) = r(;u]x e Y= (0, o), @n
fo(x)=0. x € (-, 0],

}"TI
filx) = x“l_le_llx, x € (0, o),

[ay) (4.2)
filx) = 0. x & (oo, 0].
where o > 0, oy > 0. Ay > 0 and Ay > 0 are real constants.
Lemma 4.1. For real constants dag = 0, and kg = 0 holds
= 350
0 op-l  —hpx - _
0 F{ﬂ.u) x e h{x)dx ‘I“(uﬂ} ]ﬂ(lﬂ)- (4.3)

Proof. Follows from formula
Jl: xv—l ettt . ]n{x}dx = ivr{vj[w{y] — ]_-|1.[M}]l
n

which holds for all real constants |t > 0 and v > 0 (can be found 1n [3. p.
604, equation 4.352.1]), if we choose 1 = Ay and v = . O
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Provided the previous lemma, we can get a formula for Dy for the case
of gamma distnbuted random vanables, such as odds.

Lemma 4.2. Consider X. ¥ fo be random variables. Let fy(x) and
fi(x) be density fimctions given by (4.1) and (4.2). respectively. Then it
holds

Dyz (X - ¥) = (ag —“1]""(““:'”“(5&%)

corlglon ()

Proof. One can find this result in Gupta and Kundu [4]. However, it 15
easy to show that using the relation I'(x +1) = xT'(x) and Lemma 4.1. we

obtain (4.4). O
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Theorem 4.1. Consider X. Y to be random variables. Let fy(x) and

fi(x) be density functions given by (4.1) and (4.2), respectively. Then it
holds

DA 1) = 01 - a0) - tan) - wao) + o 2

+ ol .G—;—lj+a1 {%—1)_ (4.5)

Proof. Following Definition 1.1 and the previous Lemma 4.2, we have
Dy X. ¥)=Dgg (X :T)+ D7 (Y : X))

— g (o) 0y ln(ky) + nf 2L

+(ap —al}-(w(uﬂ}—ln{w)mﬂ-[%—l)

+ 04 () g (o) + nf oS |
+ (o — ag) - (w(ey) — In(Ay)) + o [% - 1]

= (o —op)- ["'(al] ~ (o) + ‘n(%)]

1) ra(32-1)
Y (20 _q) 0
% [lo ol 701



When the gamma distnbution is considered., one can use (4.3) for

parametric estimation of Dy with moment or MLE estimates of the

parameters. Consider Xfi". .1_’;:_ -~ Gc:rmma(l:tj, }.}- ). j=0.11sarandom
J

sample of scores. MLE estimates of o and F'-.}- (see [6, pp. 360-367]) can be

computed by
F‘]J' i‘]j' a
-1 i - - -1 } '1,?
n; Zlugxﬁ = w{{i}- )—logh ;. n; ZIF ==L, (4.6)
i=1 =1 A
which leads to solving
I At
Rn,.j :h[?{|:1ﬂ&j —W('IJ'L (4.7)
J ./

where X 1s the arithmetic mean and X | 1s the geometric mean of appropnate

realizations of Xif, X.:: j =0.1. If we use the approximation y(x) =
i

In(x —0.5). then we can get

f.
Gj ~ 5=t (48)
(X; —X;)

Fr

Further approximation can be found in [6]:

11+ ;'Rnrj-
R 4.9)
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Scorecard Strength

gini

Discriminating power comparison (target variable 6-90)

g,45

0,4

0,35

0,3

- . .
' " . L
0,25 +—— Y - —

month of the first installment prescription

w1 umber of loans current scorecard =—@—proposed scorecard

3000

2500

2000

1500

1000

500
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Scorecard Strength

gini

0,45

0,4

0,35

0,3

0,25

0,2

0,15

0,1

Discriminating power comparison(target variable 4-90)

3000

2500

2000

1500

1000

500

JUN2006 o

month of the first installment prescription

mmm number of loans current scorecard —®—proposed scorec

W W W W W W~ S P S s S S s s
S 2 2 0O 2 2 Q 0 Q0 QP 9 Q 2 9 Q9 o Q@ @
S © © 6 © © & & & © © & © & © © © ©
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D 3 W YU o W W< A& o< =) 2D 5 w W o ow
- = YO0 z 0 =S v s 443 5 7 g YOz 0

gini

0,55
0,5
0,45
0,4

0,35

03

0,25

0,2

0,15

Discriminating power comparison (target variable 1-90)

JUN2006
JUL2006
AUG2006
SEP2006
0CT2006
NOV2006
DEC2006
JAN2007
FEB2007
MAR2007 |
APR2007
MAY2007
JUN2007
JuL2007
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APR2008
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month of the first installment prescription

mm umber of loans current scorecard —&—proposed scorecard
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Process Flow

Validate G—
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Validation

e Why?
« Confirm that the model is robust and applicable on the subject
population

e Holdout sample
» 70/30, 80/20 or random samples of 50-80%

2 Methods
e Compare statistics for development versus validation

e Compare distributions of goods and bads for development
versus validation.
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Validation — Comparing Statistics

Fit Statistic
_AlC_
_ASE_
_AVERR_
_DFE_
_DFM_
_DFT_
_DIV_
_ERR_
_FPE_
_MAX_
_MSE_
_NOBS_
_NW_
_RASE _
_RFPE_
_RMSE_
_SBC_
_SSE_
_SUMW _
_MISC_
_PROF_
_APROF_

Label
Akaike's Information Criterion
Average Squared Error
Average Error Function
Degrees of Freedom for Error
Model Degrees of Freedom
Total Degrees of Freedom
Divisor for ASE
Error Function
Final Prediction Error
Maximum Absolute Error
Mean Square Error
Sum of Frequencies
Number of Estimate Weights

Root Average Sum of Squares

Root Final Prediction Error
Root Mean Squared Error
Schwarz's Bayesian Criterion
Sum of Squared Errors

Sum of Case Weights Times Freq

Misclassification Rate
Total Profit for GB
Average Profit for GB

Training
6214.0279153
0.0301553132
0.1312675287

23609

7

23616

47232
6200.0279153
0.0301731951
0.9962871546
0.0301642541
23616

7
0.1736528525
0.1737043324
0.1736785944
6270.5156734
1424.295752
47232
0.0320121951
3430000
145.24051491

Validation

0.0309774947
0.1355474611

45768
6203.7361993

0.9959395534
0.0309774947
22884

0.1760042464
0.1760042464

1417.777979
45768
0.0325117986
2730000
119.29732564

Test

[f stats are similar, then scorecard is validated.
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Validation — Compare Distributions

Validation Chart

100%
80% A
60% A
40% -
20% A

0%

—8— Good-Dev —8— Good-Val —«— Bad-Dev —— Bad-Val

Valid if no significant difference. 708



Validation

Common reasons for not validating
e Characteristics with large score ranges,

e Concentration of a certain type of attribute in one sample (for
example, not random sampling),

e small sample sizes
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Validation

Comparison with the old scorecard

Month by month comparison of performance of the old and the new scorecard, both

for development and hold-out sample — on given segment

Comparison of performance month by month

Mobiles: Model performance

o
\J

o
o

o

o
|
)

o
N

Gini Coefficient
(higher is better)

O
w

o
N

2005

11|12 01|02|03|O4|05|06|O7|08|09|10|11|12 01|02|03|O4|05|06|07

2006 2007
Month of first date due

= Actual SC, fraud part = Actual SC, defaulter part
New SC, fraud part New SC, defaulter part
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Validation

Power on fresh data

Use fresh data and compute "softer" good bad
definitions (e.g. 1_30, 1_60 instead of 1_90).
Measure power of the scorecard on
development  sample  according these
definitions and compare it with performance on
the fresh data.

Comparison with real default

Month by month comparison of average
predicted pd by the new scorecard and real
default, for both development and hold-out
samples. Diagonal test - score on x-axis and
real default on y-axis — graph of average
default should be ideally monotonous (the
higher the score, the lower the default)

Graph of diagonal test

0.45

0.4

0.35 +
0.3 1

0.25

\~~.
0.2 4HHHHAHHHRHHHHHHHH HEp
N

0.15 1 HRHRHAHHHHRHRHAHAHARHHH RS

0.05 AHHHHHAHHHHHHRHAHHHHRHHRHRHAHAHHRH R HE

v 4
v 4
v 4

~
\
\
0.1 AHHHAHHHHRHAHHHARHHHHHHHHRAHH YA HHHR AT
~

D O D AV O AR N N A > O N
SRS NP NP NN SN
3 Nb contracts == AVG_default AVG_score |

- 1000000
Ik 100000
Hir 10000

| r 1000
Hir 100

r 10

1
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Validation

Comparison with real default

Graph of predicted pd versus the real default

1 - audio-video

60000 0.07
50000 T~ |_ L 0.06
— L 0.05
40000 S —
— — — L 0.04
30000 S T

| L 0.03
5 | _
0000 | .02
10000 - L 001
o) , , , , , , , , , , , , o)

(%o QA > %) ) N QX > QU > e e ©
Q(OQ QVOQ Qfog QbQ Q(o'\« Qco'» Q‘o\' Q,\Q Q,\Q Q,\Q Q,\Q Q,\Q Q,\Q
S S I T S O T
T Pocet smiuy === Default Score
- 4
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L
12. 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 na skale PD

cutoff

pravdépodobnosti defaultu vétsi nez 10 %)

Cut off

0.1

(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 T " 00os

<
0.7 o

oo
0.6 O%

0.5
Yo

0.4 L >
0.3

0.2 \ >

0.1 O0©

0 S 0000000999999000000

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.

719



/
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)

walqo fuaplng

_I Pravdépodobnost defaultu silné zavisi na
I scormgové funkci

CRE = ((1-Recovery) * SUM(PD * Loss))/(Expected Average Volume)

Profit = (Interest rate — CRE)*Expected Average Volume

—r—

Urokova mira Ocekavany primérny objem Uvéru 720




Recovery (=Late 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
o I N —
5% / MK/\*
0% / / e
0% :‘// ’/-/ -
I

LLLLLLLLL
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le KRN

ska

Cutoff na

7%

a9npoId NYM

+ 5%
+ 4%
+ 3%
+ 2%
+ 1%

0%

120%

%ErC
%081
\Wx %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
%T'S
%Ly
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%8’
%e'E
%8'
%L'T
%p'z
%e'
%0
%8'T
%L'T
%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%

0%

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.
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Marze (Margin)

> Optimalni cutoff: marze=0

100%

80%

60%

40%

20%

0%

-20%

-40%

-60%

-80%

-100%

0.1

0.2

0.3

04

0.5
Rel. margin

0.6

0.7

0.3

0.9

40000

30000

20000

10000

-10000

-20000

-30000

-40000

Profit

— Margin
— Cum. Margin
— KRN
— Cum. KRN
— Profit

Cum. Profit
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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 g 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 = qu::) et f) -t — 1)
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

il ( : ) : . Z?:l (1 - Z.:lzl p':"q:]) “-'.M:Lt:]
1 x(t—1) = :

2 (1-2p 12

t=1
EFZ — RC

KRN =
EP

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) =44 /0
1 400 200 150 110 KRN(B) = 20%
2 400 180 150 100
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 B
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 uveér 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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Cutoff impact evaluation

Evaluation of Reject rate, Profitability, Default and Loss rates before and
after cutoff change according to Distribution channel or Segment of

scorecard.

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%
-<5<§\0 Y r§\° (g\o b?\o Q?\Q Q\o b?\o /\Q\o Q\o b?\o /\Q\o QQ\Q r§\° /\Q\e QQ\Q 03\0 bQ\e Qg\o r§\° bQ\o
RTINS R SN AAT AT E P gV S

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
07
06 \¥
°° \
04 — Gini
0,3 —KS
0.2
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
vzorku. Posun distribuce vystupu daného modelu je pak zapfi¢inén pravé zménou
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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Monitoring scoringovych modelu

K-S, Gini:

-~

0,7
0,6
0,5
0,4
0,3
0,2

0,1

Stabilita SF -tydny

m— Gini
— K-S

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

/

40%

Zavislost defaultu na Skore

35% -~

30% A

25% -~

20% A

15% o

10% o

5% +

0%

\

= = r'vzorek
— 2006-13
2006-14
2006-15
2006-16
2006-17
2006-18
2006-19
2006-20
2006-21
— 2006-22

> 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
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Monitoring scoringovych modelu

J Chceme posoudit zda se distribuce skére na
vyvojovém vzorku lisSi od distribuce skore v daném
casovém intervalu:

. (O, -E)
o o1 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

0,1 < PST <0,25

znadi zadny nebo jen velmi maly rozdil danych distribuci skore.

znamena, 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

oo /
e~ N\ /7
0:03 N\VA%/ /
0,02 /

0,02

0,01

0,01

0,00 1 1 1 1 1 1 1 1 1
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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Monitoring 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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