in SAS Enterprise Miner

Xiaoyuan(Tina) Zhang

Feb 2017, Xiaoyuan Zhang



What am I?

Feb 2017, Xiaoyuan Zhang



in SAS Enterprise Miner

Xiaoyuan(Tina) Zhang

Feb 2017, Xiaoyuan Zhang



What’s SAS Enterprise Minor?

@ Data mining tool which integrets SAS and R
@ Descriptive and predictive models through a streamlined data mining process
@ Build a process flow by selecting appropriate nodes from the toolbar

@ Support algorithms and techniques including decision trees, time
series, neural networks, linear and logistic regression, sequence and
web path analysis, market basket analysis and link analysis
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Records of accepted
loan applicants
3000 observations

Records of rejected
loan applicants
1500 observations

Time at Job
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Mum Mybank Loans
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Location of Credit Bureau
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GoodBad
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Mum of Children
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Step 1: Build initial scorecard with
accepted application data

Step 2: Infer the behavior (good or
bad) of the rejected applicants

Step 3: Build the final scorecard with
aggregated data combining accepted
application s and rejected applications




Credit Score Modeling Process- Step 1
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Exploratory data analysis

4

Partition the input data into
training and validation sets

Impute missing values
Tree aggregate
Median

Group input variables
into bins;

Select variables for
scorecard

Build a logistic
regression model with

the grouped variables
as input




Credit Score Modeling Process- Step 2
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: Impute values for observations
Exploratory data analysis , o
with missing values

4

Convert data role from
“raw” to “Score” so that it
can be used in Reject
Inference Node

Infer the performance of the rejected applicant data

by the use of a model that is built on accepted
applicants

http://blogs.sas.com/content/sgf/2017/01/21/credit-score-modeling-in-sas-enterprise-miner-reject-
inference-to-solve-sample-bias-problem/



Credit Score Modeling Process- Step 3

Partition the input data into
training and validation sets

Exploratory data analysis
Transform input data

variables to better fit
the model

Group transformed input
variables into bins before the
credit scorecard is built;
Screen variables

e Build scorecard using the
2 aggregated data as inputin a

logistic regression model
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Interactive Grouping with WOE and IV

Binning/Grouping

% total bads in bin K
O C WOE for a bin = [ In (L 200D MPIE 4« 400

% of total goods in bin K

Merge bins with similar WOE

Information Variable Selection

Value

a Iv= ﬁiflb"”s(% of total goods in bin K — % of total bads in bin K) * ln(% of total goods in bin K)

% of total badsinbin K
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Rank variables on the basis of their importance




Interactive Grouping with WOE and IV

How to pre-bin interval variables?

®|Interval Variable Binning Options

-Apply Level Rule Mo
-Binning Method Duantile
“-Mumber of Bins 20

Method choose for different variables?

&|Grouping Options

IHE Tree Based Grouping Options

-Interval Grouping Method Monotonic Event Rate

-Ordinal Grouping Method Monotonic Event Rate .. Property Value

i-Tree Based Grouping Options e e oy
-Constrained Optimal Options Q Hmrat& Branch if Any
-Advanced Constrained Optimal = Minimum Categorical Size 10

-Maximum Mumber of Groups 20 Node Sample 2000

Standard for variable selection?

Emp Level Ordinal

Wariable Selection Method [nformation Value
Gini Cutoff 20.0
Information Value Cutoff 0.1
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Interactive Grouping with WOE and IV

Variable Selection

Previous II' Mext II'

Variables Groupings
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Cutoff Group
EIEFHEEEIEEHEEEEEE — Calculated WOE ——— |
Mo Event Variable Statistics
Value Group Cutoff Event Count C::nt\-’en Total Event Rate WOE
_MISSING_ 7 0.0 0.0 0.0 0.0| 0.0
AGE < 22 1 22.0 108.0 1050.0 1158.0 0.093 -1.12774
22 <= AGE < 24 2 24.0 141.0 1650.0 1751.0 0.073| 0.54238| Original Information Value
24 <= AGE < 25 2 25.0 61.0 1200.0 1251.0 0.048 -0.42295 .
MNew Information Value

25 <= AGE < 27 3 27.0 126.0 1980.0 2106.0 0.06 -0.64758
27 <= AGE < 28 3 28.0 62.0 1140.0 1202.0 0.052 -0.4305| Detail Level
28 <= AGE < 29 4 23.0 32.0 1170.0 1202.0 0.027 0.19687 @ Fine
29 <= AGE < 31 4 31.0 100.0 2430.0 2530.0 0.04 -0.21167
31 <= AGE < 32 4 32.0 43.0 1230.0 1273.0 0.034 -0.04858 O Coarse
32 <= AGE < 33 5 33.0 26.0 1230.0 1256.0 0.021 0.45452
33 <= AGE < 35 5 35.0 56.0 2130.0 2186.0 0.026 0.23638| variable Role
35 <= AGE < 37 [ 37.0 33.0 1680.0 1713.0 0.019 0.52789
37 <= AGE < 38 6 38.0 23.0 1170.0 1193.0 0.019 0.52711
38 <= AGE < 38 7 33.0 24.0 960.0 984.0 0.024 0.28673
39 <= AGE < 42 7 42.0 61.0 2730.0 2791.0 0.022 0.39903
42 <= AGE < 44 7 44.0 26.0 1200.0 1226.0 0.021 0.42983
44 <= AGE < 47 7 47.0 45.0 1890.0 1935.0 0.023 0.33552]
47 <= AGE < 50 7 50.0 20.0 1440.0 1460.0 0.014 0.87452
50 <= AGE < 54 7 54.0 17.0 1860.0 1877.0 0.009 1.29297
54 <= AGE < 59 3 59.0 29.0 1560.0 1539.0 0.018 0,583
AGE »= 59 3 16.0 1800.0 1816.0 0.009 1.3208|



Interactive Grouping with WOE and IV

Previous II' Mext II'

Variables Groupings
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Cutoff Group
EEEHEEEIEHEHEEHEE — Calculated WOE —— New WOE |
Nom Event Variable Statistics
o EVEn
Value Group Cutoff Ewvent Count Count Total Event Rate WOE Original Gini 22,054
7 | 0.0 0.0 0.0| 0.0 0.0 New Gini | 32.954
1 22.0 108.0 1050.0 1158.0 0,093 -1.12774
2 Original Information Value
2 Merge Bin New Information Value
3 - | o3|
Split Bin... .
3 Detail Level
4 29.0 32.0 1170.0 1202.0 0.027 0.19687 )
Group = 1 (®) Fine
4 310 100.0 2430.0 2530.0 0.04 -0.21167
4 Mew Group 32.0 43.0 1230.0 1273.0 0.034 0.04858 O Coarse
5 Group = 4 33.0 26.0 1230.0 1256.0 0,021 0.45452
5 35.0 56.0 2130.0 2186.0 0.026 0.23838| variable Role
6 37.0 33.0 1680.0 1713.0 0,019 0.52789
6 38.0 23.0 1170.0 1193.0 0.019 0.52711
7| 32.0 24.0 960.0 934.0 0,024 0.28673
7! 42.0 51.0 2730.0 2791.0 0,022 0.39903
7 44,0 26.0 1200.0 1226.0 0,021 0.42983
7 47.0 45.0 1890.0 1935.0 0,023 0.33552
7 50.0 20.0 1440.0 1460.0 0.014 0.87452
7 54.0 17.0 1860.0 1877.0 0,003 1,29297
3 53.0 24.0 1560.0 1583.0 0,013 0.583
3 16.0 1800.0 1816.0 0,003 1.3208



Interactive Grouping with WOE and IV

Variable Selection

Before

Variahles Groupings
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Cutoff Group
DO 0304050607 After ——— Calculaled WOE — New WOE
Variable Statistics
Value Grou Cutoff Event Count Mon Event Total Event Rate WOE
" Count Original Gini |~ 32.964
_MISSING_ [ 0.0 0.0 0.0 0.0 0.0 Mew Gini 32,678
AGE < 22 1 22.0 108.0 1050.0 1158.0 0.033 112774 _
22 <= AGE < 28 2 28.0 330.0 5570.0 6360.0 0.061 0.67379  Original Information Value
28 <= AGE < 29 3 29,0 320 11700 1202.0 0.027 019687 !
New Information Value .364
29 <= AGE < 31 3 310 100.0 2430.0 2530.0 0.04 0.21167
31 <=AGE < 32 3 32.0 43.0 1230.0 1273.0 0.034 -0.04858| Detail Level
32 <= AGE < 33 4 33.0 26.0 12300 12550 0,021 0,45452 @ Fne
33 <= AGE < 35 4 35.0 56.0 2130.0 2186.0 0.026 0.23638
35 <= AGE < 37 5 37.0 33.0 1680.0 1713.0 0.018 0.52789 O Coarse
37 <= AGE < 38 5 38.0 23.0 11700 1193.0 0,019 0.52711
38 <= AGE < 39 5 39.0 240 360.0 984.0 0.024 0.28573| variable Role
33 <= AGE < 42 5 42.0 510 2730.0 2791.0 0.022 0.39903
42 <= AGE < 44 g 44,0 26.0 12000 1225.0 0,021 0,42983 e
44 <= AGE < 47 3 47.0 450 1830.0 1935.0 0.023 0,33552
47 <= AGE < 50 5 50.0 20.0 1440.0 1460.0 0.014 0.87452
50 <= AGE < 54 g 54,0 17.0 1850.0 1877.0 0,009 1.29297
54 <= AGE < 59 7 59,0 29.0 1560.0 1589.0 0.018 0,583
53 <= AGE 7 16.0 1800.0 1816.0 0.009 1.3208




Thank you!

Email: zhangxy.tina@gmail.com

https://www.linkedin.com/in/zhangxiaoyuan
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