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7.1 Introduction

NI T .
Model Implementation

Predictions might be
added to a data source
inside and outside of
SAS Enterprise Miner.

3

After you train and compare predictive models, one model is selected to represent the association
between the inputs and the target. After it is selected, this model must be put to use. The contribution
of SAS Enterprise Miner to model implementation is a scoring recipe capable of adding predictions
to any data set structured in a manner similar to the training data.

SAS Enterprise Miner offers two options for model implementation.

¢ Internally scored data sets are created by combining the Score tool with a data set identified
for scoring.

pd A copy of the scored data set is stored on the SAS Foundation server assigned to your project.
If the data set to be scored is very large, you should consider scoring the data outside the
SAS Enterprise Miner environment and use the second deployment option.

e Scoring code modules are used to generate predicted target values in environments outside of
SAS Enterprise Miner. SAS Enterprise Miner can create scoring code in the SAS, C, and Java
programming languages. The SAS language code can be embedded directly into a SAS Foundation
application to generate predictions. The C and Java language code must be compiled. The C code
should compile with any C compiler that supports the ISO/IEC 9899 International Standard for
Programming Languages -- C.
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7.2 Internally Scored Data Sets

To create an internally scored data set, you need to define a Score data source, integrate the Score data
source and Score tool into your process flow diagram, and (optionally) relocate the scored data set
to a library of your choice.
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@ ' Creating a Score Data Source

Creating a score data source is similar to creating a modeling data source.

1.

Right-click Data Sources in the Project panel and select Create Data Source. The Data Source
Wizard opens.

Select the table ScorePVA97NK in the AAEM library.

Select Next > until you reach Data Source Wizard -- Step 6 of 7 Data Source Attributes.

Select Score as the role.

E:_Data Source Wizard -- Step 6 of 7 Data Source Attributes

1 You may chandge the name and the rale, and can specify a population segment identifier far the data source
ta be created.

Mame:  [SCOREPVASTHK

Role :

Segment: |

Motes :

< Back Mext = Cancel

5. Select Next > to move to Step 7.

6. Select Finish. You now have a data source that is ready for scoring.
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@ \ Scoring with the Score Tool

The Score tool attaches model predictions from a selected model to a score data set.
1. Select the Assess tab.
2. Draga Score tool into the diagram workspace.

3. Connect the Model Comparison node to the Score node as shown.
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The Score node creates predictions using the model deemed best by the Model Comparison node (in
this case, the Regression model).

e If you want to create predictions using a specific model, either delete the connection to the
Model Comparison node of the models that you do not want to use, or connect the Score node
directly to the desired model and continue as described below.

Drag the ScorePVA97NK data source into the diagram workspace.

Connect the ScorePVVA97NK data source node to the Score node as shown.

L. Predictive Analysis
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6. Run the Score node and view the results. The Results - Score window opens.

I B optimized SAS Code [_Tol=]| B M=K
w: =
# EIN §CORE CODE; User: dtudent
* VERIION: 6.1 Date: July 08, 2009
= GENERATED EY: student: Time: 16:22:56
% CREATED: 08JULZ009:16:322:48;
W # Training futput
w;
* TOOL: Input Data Source:
= TYPE: SAMPLE:
= NODE: Ida;
#;
LH Variable Summary
* TOOL: Extension Class:
= TYPE: MODIFY: Heasurement  Frequency
= NODE: Repl; Role Lewvel Count
a:
LH SEGMENT INTERVAL 1
* TOOL: Partition Class: TARGET BINARY 1
= TYPE: SAMPLE: .
= NODE: Part2;
: ] | o
B 5AS Code 1 =] B9 | |2 Dutput variables 8 fm] 3}
" 3‘ Variable Crestar Varighle Function Type
= EN SCORE CODE: Mame Lakel
® VERSION: 6.1; D_TARGETB Reg Decision: T... DECISION  C
* GENERATED BYV: student; EM_CLASS... Store Prediction .. CLASSIFIC... C
* CREATED: 08JUL2009:16:22:48; EM_EVENT... Scare Probability .. FREDICT N
w2 EM_PROBA. Score Probability .. PREDICT M
= EM_SEGM... Score i TRANSFORMM
* TOOL: Input Data Source; EF_TARGE.. Reg Expecied Pr..ASSESS M
* TYPE: SAMPLE; |_Targets Rey Into: TargetB CLASSIFIC . C
* NODE: Ids; LOG_Gifthy... Trans TRANSFORMM
EF) LOG_GifC... Trans TRANSFORMN
N P_TargetB0 Reg Predicted: T._PREDICT N
% TOOL: Extension Class: P_TargetB1 Reg Predicted: T..PREDICT M
* TYPE: MODIFY: \J_TargelB  Reg Unnarmaliz... CLASSIFIC.. N
+ NADE: Repl: | WARMN_  Reg Warnings ~ ASSESS o}
. h_Targete  MdiComp TRANSFORMNM
o
* Variable: DemMedIncome ;
P
T e T = e ot :J_J

7. Maximize the Output win

dow.

The item of greatest interest is a table of new variables added to the Score data set.

8. Goto line 150.

3core Jutput Variables

Variahle Name Function
I_TARGETE DECISION

EM CLASSIFICATION CLASSTFICATION
EM _EVENTPROBABILITY PREDICT

EM PROBABILITY PREDICT
EM_SZEGMENT TRANSFORM
EP_TARGETE ASRESS

I Targethb CLASSTFICATION
LOG_Gifthwghll TRANSFORM

LOG GiftCnt3a TRANSFORM
P_TargetEO FREDICT
P_TargetEl FREDICT
T_TargethE CLASSTFICATION
_TARN AGRESS
b_TargetB TRANSFOFM

Creator Label

Reg Decision: TargetB

Score Prediction for TargetBE

Jcore Probability for lewvel 1 of Targeth
Acore Probability of Classification
Jcore !

Req Expected Profit: TargetBb

Req Into: TargetE

Trans

Trans

Eeg Predicted: TargetE=0

Eeg Predicted: TargetB=1

Reqg Unnormalized Into: TargetB
Reg Warnings

MAlConp

9. Close the Results window.
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s
g@ Exporting a Scored Table (Self-Study)

1. Select Exported Data = [; from the Score node Properties panel.

Frope Walue

MHode D Score
Imported Data aae]
Motes aae]

ariables aae]
Type of Scared Data ey
Ilse Fixed Qutput Mamees
Hide Yariahles M0

Hide Selection

The Exported Data - Score dialog box opens.

2 Bxported Data - Score

Port

Tahle | Role | Data Exists
RAIN EMS Score_TRAIMN Train NCH]
WALIDATE EMWS Score_WALIDATE Walidate Tes
TEST EMWWS Score_TEST Test i [u]
SCORE EMWS Score_SCORE Scaore NCH]
Browse... H Explore... H Properties... H OK |

2. Select the Score table.
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3. Select Explore.... The Explore window opens with a 20,000-row sample of the
EMWS2.Score_SCORE data set (the internal name in SAS Enterprise Miner for the scored
ScorePVA97NK data).

Explore - EMWSIScore SCORE

File View Actions Window

&m[0]4]

E-E Sample Properties

J Property | Walue |
R oS LInknon
Columns a4
Likrany =
memhber SCORE_SCORE
Type 1EWY
Sample Method Randam
Fetch Size LEYS
Fetched Rows 20000
Random Seed 12345

| Apply H Plot... |

EMWS.Score_SCORE
Obs# | Control Mu..| Target Gift .| Target Git .| Gift Count 3| Gift Count & | Gift Count .| Gift Count . | Gift Amount..|
100033265 ) 110
200029874
300006622
400088185
500116411
BO0146237
700047124
800187178
900140150
1000040007
1100036815

§15.00
§23.00
$20.00
F16.00
§3.00
§25.00
§12.00
£18.00
§17.00

Lo N0

12

$20.00

O e O e O e O e O e e e Y e Y e Y e ) e
A I T R =2 I T LR 6 T TR R |
b= L2 L) = L e = kO =

DM = 0 = O =0

This scored table is situated on the SAS Foundation server in the current project directory. You might
want to place a copy of this table in another location. The easiest way to do this is with a SAS code
node.

4. Close the Explore window.
5. Select the Utility tab.
6. Draga SAS Code node into the Diagram workspace.
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7. Connect the Score node to the SAS Code node as shown.

Leu Predictive Analysis

- . Polynomial

% Regression (2}

-

4

Ea .AutoNeural

"

,

.
,
™,
.,

.
L

—» eural Network |m=
.
E COREPVAST
B -
- _ . .'I Jiﬁ i N e —
S| odel L W o
)ﬁomparlson

|'|||'[§{“}|G) — = @

==y

8. Select Code Editor = j in the SAS Code node’s Properties panel.

Prope Yalue
Mode D EMCODE
Imported Data aee]
Exported Data feee]
Motes [ ]
atiables [ ]
Tool Type I_ility
Data Meeded R[]
Rerun R[]
Il=ze Priors BE
Advisor Type Basic
Fuhlish Code Fuhlish
Code Format Datastep
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The Training Code window opens.

1: Training Code - Code Node
File Edit Run Wiew

CIREREOERENE

- Macro
I
B
JEM_REGISTER
JEM_REPORT
JEM_DATAZCODE
JEM_DECDATA

EM_CHECKMACRO

EM_CHECKSETIMNIT

EM_ODSLISTON

Em_ODSLISTOFF
o~ |

Macros | Macro Variables| '\-'ariablesl
s

Training Code

=
=l
AW
Qukpuk | Lag |
: -
z
=l

|student as student - My Praject - Predictive Analysis - EMCODE - STATUS=MNCONE LASTSTATUS=MNCMNE

The Training Code window enables you to add new functionality to SAS Enterprise Miner by
accessing the scripting language of SAS.



7.2 Internally Scored Data Sets 7-13

9. Type the following program in the Training Code window:

data AAEM61.ExportedScoreData;
set &EM IMPORT_ SCORE;
run;

A Training Code - Code Node
File Edit Run  Wiew

Bla|wle| x| e s

—

REGISTER
REFORT
EM_DATAZCODE
-EM_DECDATA
EM_CHECKMACRO
EM_CHECKSETIMIT
EM_ODSLISTON

Em_ODSLISTOFF =
m__l

Macros | Macro Yariables | Yariables |
-
Training Code

Tdﬂta AAFME]L.ExportedicoreDatar -

sl o

set ¢EM IMPORT SCORE;
Yum;

~w
Cukpuk I Lag |

! -
2

Istudent as skudent - My Project - Predictive Analysis - EMCODE - STATUS=MNOME LASTSTATUS=COMPLETE

This program creates a new table named ExportedScoreData in the AAEMG6L1 library.
10. Close the Training Code window and save the changes.

11. Run the SAS Code node. You do not need to view the results.
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12. Select View = Explorer... from the SAS Enterprise Miner menu bar. The Explorer window opens.

[EX Explorer 1 =] I
[~ Shaw Project Data
Mame I Engine | Path |
=P AaemEl BASE CiWorkshoplwinsashaaems 1
(2§ Apfrtlin W3 Disas\Configilev 1\ 3ASAppLSASEN. ..
=¥ Maps va D:YProgram Files\SAS,SASFoundatia, .
Sampsio (2l Sampsio Y9 O:\Program Files\Sas)Sa45Foundatio, .
3asdata (=l Sasdata BASE D\ SASConfigiley 1\ SASApPData
Sashelp (2§ Sashelp va D:YProgram Files\3AS,5ASFoundatia, ..
{2 Sasuser =f Sasuser Wa C\Documents and Settingsistudentt,. ..
(=) Stpsamp (=¥ Stpsamp BASE [n\Program Files\SAS\SASFoundatio,
Wark (= wiork Y9 CHDOCUME11StudentiLOCALS 1Y, ..
(=) Wrsdist (5P wrsdist BASE DiSAsiConfigiley 11 SASAppiDatalw, ..
~{=J) Wrskemp (=) Wrstemp BASE D:5asiConfigilevl|SASAppiDatalw. ..
13. Select the Aaem61 library.
21 Explorer ! E
I Show Project Data
545 Libraries | Type | Created Date | Modified Date I Size |
=) DATA Z004-01-19 Z004-01-13 7B0KE
=} Apfmtlib DATA 2006-07-05 2006-07-05 1MB
DATA 2006-09-26 2006-09-26 372KE
DATA 2006-07-25 2006-07-25 32KB
DATA Z006-07-25 2006-07-25 3ZKB
DAaTa Z004-01-19 2004-01-19 40KE
Ezj Exportedscoredata DATA 2009-07-08 2009-07-08 41MB
EE; Ingz00s DATA Z006-09-19 2006-09-19 9ME
EE; Insurance DATA Z006-09-19 2006-09-19 SME
EE; Qrganics DAaTa Z005-04-10 2005-04-10 ZMEB
20 Wiirstemp E=] Profile DATA 2006-09-23 2006-09-23 SME
EE; Pva97nk DATA Z0058-03-03 2008-03-03 1ME
Ezj Scarearganics DATA 20053-05-25 2005-05-25 403KE
EE; Scorepwad7nk DATA 20053-03-03 2003-03-03 18ME
Ez; Transactions DATA 2006-09-19 2006-09-19 15ME
EE; Webseg DATA Z006-09-19 2006-09-19 1ME
EE} Webstation DAaTa Z006-09-24 2006-09-24 49ME

The Aaem61 library contains the Exportedscoredata table created by your SAS Code node.
You can modify the SAS Code node to place the scored data in any library that is visible to the SAS
Foundation server.

14. Close the Explorer window.
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7.3 Score Code Modules

Model deployment usually occurs outside of SAS Enterprise Miner and sometimes even outside of SAS.
To accommodate this need, SAS Enterprise Miner is designed to provide score code modules to create
predictions from properly prepared tables. In addition to the prediction code, the score code modules
include all the transformations that are found in your modeling process flow. You can save the code as

a SAS, C, or Java program.
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@ ‘ Creating a SAS Score Code Module

The SAS Score Code module is opened by default when you open the Score node.
1. Open the Score node Results window.
2. Maximize the SAS Code window.

The SAS Code window shows the SAS DATA step code that is necessary to append predictions from the
selected model (in this case, the Regression Model) to a score data set. Each node in the process flow can
contribute to the DATA step code. The following list describes some highlights of the generated SAS
code:

e Go to line 12. This code removes the spurious zero from the median income input.

* TOOL: Extension Class;
* TYPE: MODIFY;
* NODE: Repl;

* Variable: DemMedIncome ;

H

Label REP_DemMedIncome = "Replacement: DemMedIncome ";

REP_DemMedIncome =DemMedIncome ;

if DemMedIncome ne . and DemMedIncome <1 then REP_DemMedIncome = . ;
e Go to line 36. This code takes the log transformation of selected inputs.

K o o e e e e e e e e m e m e m o m e m m e m m e m o m e m m — m e m m e m e — m e m e —— e — — e ——————— * ’

* TRANSFORM: GiftAvg36 , log(GiftAvg36 + 1);

* *

label LOG_GiftAvg36 = 'Transformed: Gift Amount Average 36 Months';
if GiftAvg36 + 1 > 0 then LOG_GiftAvg36 = log(GiftAvg36 + 1);
else LOG_GiftAvg36 = .;

K o o e e e e e e e e e e e e e e e e e e e e e e e e e = e e * =
b

* TRANSFORM: GiftAvgAll , log(GiftAvgAll + 1);

* *

label LOG_GiftAvgAll = 'Transformed: Gift Amount Average All Months';
if GiftAvgAll + 1 > 0 then LOG_GiftAvgAll = log(GiftAvgAll + 1);
else LOG_GiftAvgAll = .;
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Go to line 84. This code replaces the levels of the StatusCat96NK input.

* TOOL: Extension Class;
* TYPE: MODIFY;
* NODE: Repl2;

*

* Defining New Variables;

*
H

Length REP_StatusCat96NK $5;
Label REP_StatusCat96NK = "Replace:Status Category 96NK";
REP_StatusCat96NK= StatusCat96NK;

*x .
H
* Replace Specific Class Levels ;

*
H

length _UFormat200 $200;
drop  _UFORMAT200;
_UFORMAT200 = " ";

*
H

* Variable: StatusCat96NK;

* .
3

if strip(StatusCat96NK) = "A" then
REP_StatusCat96NK="A";
if strip(StatusCat96NK) = "S" then
REP_StatusCat96NK="A";
if strip(StatusCat96NK) = "F" then
REP_StatusCat96NK="N";
if strip(StatusCat96NK) = "N" then
REP_StatusCat96NK="N";
if strip(StatusCat96NK) = "E" then
REP_StatusCat96NK="L";
if strip(StatusCat96NK) = "L" then

REP_StatusCat96NK="L";
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e Go to line 118. This code replaces missing values and creates missing value indicators.

* TOOL: Imputation;

* TYPE: MODIFY;

* NODE: Impt;

* *

* .

H
*MEAN-MEDIAN-MIDRANGE AND ROBUST ESTIMATES;

* .
H

label IMP_DemAge = 'Imputed: Age';

IMP_DemAge = DemAge;

if DemAge = . then IMP_DemAge = 59.262912087912;

label IMP_LOG_GiftAvgCard36 = 'Imputed: Transformed: Gift Amount Average Card 36 Months';
IMP_LOG_GiftAvgCard36 = LOG_GiftAvgCard36;

if LOG_GiftAvgCard36 = . then IMP_LOG_GiftAvgCard36 = 2.5855317177381;

label IMP_REP_DemMedIncome = 'Imputed: Replacement: DemMedIncome';

IMP_REP_DemMedIncome = REP_DemMedIncome;

if REP_DemMedIncome = . then IMP_REP_DemMedIncome = 53570.8504928806;

* .

*INDICATOR VARIABLES;

*
H

label M_DemAge = "Imputation Indicator for DemAge";

if DemAge = . then M_DemAge = 1;

else M_DemAge= 0;

label M_LOG_GiftAvgCard36 = "Imputation Indicator for LOG_GiftAvgCard36";
if LOG_GiftAvgCard36 = . then M_LOG_GiftAvgCard36 = 1;

else M_LOG_GiftAvgCard36= 0;

label M_REP_DemMedIncome = "Imputation Indicator for REP_DemMedIncome";
if REP_DemMedIncome = . then M_REP_DemMedIncome = 1;

else M_REP_DemMedIncome= O;




7.3 Score Code Modules 7-19

e Go to line 160. This code comes from the Regression node. It is this code that actually adds the
predictions to a Score data set.

* TOOL: Regression:
* TYPE: MODEL:
¥ NODE: Reg;

AR A AN RN AT AAT AN NARAANTARSTTNNE 2

%% hegin scoring code for regression;
ﬁ'*1fﬂ'*1;1€ﬂ'*1;1fﬂ'*1;#***#******************;

length _WARN  §4;
label WAFN = 'Warmings'

length I_TargetE § 12:

label I _Targeth = 'Into:r TargetE" ;

%% Target Values:

array BEGDRF [2] §12 _temporary (17 'd° ):
label U_TargetB = "Unnormslized Into: TargetB'
F*% Unnormalized target walues:

AFFAY REGDRU[2] _TEMPORARY (1 0);

drop _DM_EBAD;
_LM BAD=0;

%% Check DemMedHomeValue for missing walues
if missing( DenMedHomeValue ) then do;
substr(_warn ,1,1) = 'M';
_DM BAD = 1;
end;

#*% Check GiftTimelast for missing wvalues
if missing( GiftTimeLast | then do;
subste( warn ,1,1) = 'M':
DM _EBAD = 1:
end;
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e Go to line 290. This block of code comes from the Model Comparison node. It adds demi-decile bin
numbers to the scored output. For example, bin 1 corresponds to the top 5% of the data as scored by the
Regression model, bin 2 corresponds to the next 5%, and so on.

* TOOL: Model Compare Class;

* TYPE: ASSESS;

* NODE: MdlComp;

if (P_TargetB1 ge 0.09198928166881) then do;
b_TargetB = 1;

end;

else

if (P_TargetB1 ge 0.08014055773524) then do;
b_TargetB = 2;

end;

else

if (P_TargetB1 ge 0.07027014765811) then do;
b_TargetB = 3;

end;
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e Go to line 380. This block of code comes from the Score node. It adds the following standardized
variables to the scored data set:

EM CLASSIFICATION Prediction for TargetB
EM DECISION Recommended Decision for TargetB

EM EVENTPROBABILITY  Probability for Level 1 of Target

EM PROBABILITY Probability of Classification
EM PROFIT Expected Profit for TargetB
EM_SEGMENT Segment

* TOOL: Score Node;
* TYPE: ASSESS;
* NODE: Score;

LABEL EM_SEGMENT = 'Segment';

EM_SEGMENT = b_TargetB;

LABEL EM_EVENTPROBABILITY = 'Probability for level 1 of TargetB';
EM_EVENTPROBABILITY = P_TargetB1;

LABEL EM_PROBABILITY = 'Probability of Classification';
EM_PROBABILITY = max(

P_TargetB1

H

P_TargetBO

);

yd To use this code, you must embed it in a DATA step. The easiest way to do this is by saving it
to as a SAS code file and including it in your DATA step.

3. Select File = Save As... to save this code to a location of your choice.
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@ Creating Other Score Code Modules

To access scoring code for languages other than SAS, use the following procedure:

1. Select View = Scoring = C Score Code. The C Score Code window opens.

C Score Code

<rxml wersion="1.0" encoding="utf-5"2>
<3cores
<Producer:
<Name> 34% Enterprise Miner </Name>
<Wersionx 1.0 </Versiom-
</Producer>
<TargetList>
</TargetlLists
<Inputs=
<Wariable>
<Name> DEMAGE </Name>
<Typer mumeric </Type>
<hescriptions=
< [CDATA[Age]]>
</Descriptions-
</Wariahlex>
<Wariable>
<Name> DEMMEDHOMEVALUE < /Name>

‘& [

L]

| Scaoring Function Metadata |

There are four parts to the C Score Code window. The actual C score code part is accessible from the
menu at the bottom of the C Score Code window.

C Score Code g  [E

the adwertising or promotion of products or serwvi=
prior written authorization from 543 Institute Inss

f*--- ztart generated code ---%/
#include <math.ls

#include <string.l-

#include <wemory.h>

#include <ctype.h>

#include "cscore.h”

#include "csparm.h”

#define csDEMAGE indata[0].data. fnum
#define csDEMMEDHOMEVALUE indata[l].data. fruy

#define csDEMMEDINCOME indata[2].data. froam

L I . T |

| ]

| Score Code hd
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Select View = Scoring = Java Score Code. The Java Score Code window opens.

Lal=iE

Java Score Code

<rdml version="1.0" encoding="utf-57 7>
<3corex
<Producers>
<Name> 345 Enterprise Miner < /Name>
<V¥erzions 1.0 </ /Verzion-
</Producer’-
<TargetlList>
</TargetList>
< Input>
<V¥ariahle>
«Name> DEMAGE < /Namel
<Types= numeric </Type=
LDheacriptions-
<! [CDATA[ Age]]=
<j/Descriptions-
</VariahleZ
<V¥ariahle>
<Name> DEMMEDHOMEVALUE < /Name-

FL. . |

Scoring Function Metadata |

There are five parts to the Java Score Code window. The actual Java score code part is accessible
from the menu at the bottom of the Java Score Code window.

A EF E

Java Score Code

package eminer.user.3core;
import java.util.Map;
import jawa.util.HashMap:
import com.sas.ds.*;
import com.sas.analytics.eminer.jscore.ntil.*;

J,-'?f*

% The 3core class encapsulates data step scoring cd
by the 34% Enterprise Miner Java 3coring Componey

[fzince 1.0

[fwversion J%3core 1.0
[fauthor 343 Enterprise Miner Jawa Jcoring Compong
[fzee com.szas.analvtics.eminer.jscore.util.Jacore

* %+ # % % =%

w/

public class 3core

Score Code -

1
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)

Exercises

1. Scoring Organics Data
a. Create a Score data source for the ScoreOrganics data.

b. Score the ScoreOrganics data using the model selected with the Model Comparison node.
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7.4 Chapter Summary

The Score node is used to score new data inside SAS Enterprise Miner and to create scoring modules for
use outside SAS Enterprise Miner. The Score node adds predictions to any data source with a role of
Score. This data source must have the same inputs as the training data. A scored data source is stored
within the project directory. You can use a SAS Code tool to relocate it to another library.

The Score tool creates score code modules in the SAS, C, and Java languages. These score code modules
can be saved and used outside of SAS Enterprise Miner.

NI 0 AT T
Model Implementation Tools Review

Add predictions to Score data sources;
and create SAS, C, and Java score code
modules.

“Jwuca || Create a Score data source.

- 5| Use SAS scripting language to export
= Jsas coce \ scored data outside a SAS Enterprise
: Miner project.

11
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7.5 Solutions to Exercises

1. Scoring Organics Data
a. Create a Score data source for the ScoreOrganics data.

1) Select File = New = Data Source.

2) Proceed to Step 2 of the Data Source Wizard by selecting Next >.
3) Select the AAEM61.SCOREORGANICS data set.

B Data Source Wizard - Step 2 of 7 Select a SAS Table

Select a SAS table

Browse.. |

< Back. Mext = Cancel

4) Proceed to the final step of the Data Source Wizard.
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5) Select Score as the role.

l You may change the name and the role, and can specify a population segment identifier far the data source
to be created.

Mame:  |SCORECRGANICS

Role:

Segment : |

Motes

< Back Mext = Cancel

6) Select Finish.

b. Score the ScoreOrganics data using the model selected with the Model Comparison node.

1) Connect a Score tool to the Model Comparison node.

2) Connect a ScoreOrganics data source to the Score node.

Decision Tree
(2)
. 3 Madlel
é 2 Decision Tree g;@(:omparison
I 3% Regression ECOREORGANI |
i : S

" Polynomial
_ﬁ_jmpute ‘L I Reg| ession L

%.,Neural Metwark

3) Run the Score node.
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4) Browse the Exported data from the Score node to confirm the scoring process.

|' X EMWS 3 Score_SCORE

ged Into: TargetBuy | B_TARGETELY | Seament | Probahility for level 1 of TargetBuy | Probahility of Clagsification | Prediction for TargetBuy
1 13 43 0.1277330265 0.8722669735 0
2 7 28 0.2397003745 0.7602996255 0
3 3 54 0.201754386 0.798245614 0
4 1 39 0.93532338H1 0.93532338H1 1
5 18 57 0.0456333596 0.9543666404 0
[ 15 52 0.0597484277 0.9402515723 0
7 3 37 0.5350877193 0.5350877193 1
] 18 57 0.0456333596 0.9543666404 0
r] 13 48 01277330265 0.87226697 35 1]
10 3 54 0.201754386 0.798245614 0
11 11 43 0.1571038251 0.8428961749 0
12 18 57 0.0456333596 0.9543666404 0
13 18 57 0.0456333596 0.9543666404 0
14 18 a7 0.0456333596 0.954 3666404 1]
15 19 56 0.0121396055 0.9878603945 0

i

(L]

A successfully scored data set features predicted probabilities and prediction decisions in the

last three columns.



