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PREDICTIVE

ANALYTICS FORWARD THINKING

Monitor & Detect
Current State

Predict & Act
Future/New Opportunities
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...use ad hoc exploration and visualizations to ask right
qguestions and easily interpret results

...provide very easy to use predictive modeling to quickly
analyze large and diverse data

...interactively

WHAT IF - build and refine numerous predictive models until you are

YOU COULD? confident

- generate finer, segmented models to understand its impact
on your decisions

- achieve fast response times to model adjustments
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SAS° VISUAL

STATISTICS INTERACTIVE EXPLORATION AND PREDICTIVE MODELING
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EXPLORE AND PREDICT AND COMPARE AND
DISCOVER REFINE ASSESS

THE
TO KNOW.

Gsas




SAS® VISUAL STATISTICS

ANALYTIC CAPABILITIES

Classification

Regression

Clustering

Group-By.

HOW IT CAN BE USED?

Predict outcomes such as machine
failure, high-risk patients, etc.

Estimate outcomes such as customer
spend, policy premium, credit limit, etc.

Segment your data based on self-
similarity to.augment your models

IViedels by segments/groups (e.g.

location, store, owner, device, etc.).
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MANIPULATE DATA

- Access structured and unstructured data
- Data filtering, including outliers

- Join/promote tables, compute columns

- Dynamic Group-By operations



SAS® VISUAL
STATISTICS

EXPLORE DATA

- Discover relationships between variables and augment

model building process
- Derive models directly from correlation matrices, scatter
plots, & box plots
- Visualize results from the modeling process
- Understand individual variable’s level of influence for

all models

THE
POWER
TO KNOW.

Gsas




SAS® VISUAL
STATISTICS

O

——
wp—

—
e

MODELING TECHNIQUES

Predictive Techniques

- Linear Regression

- Logistic Regression

- Generalized Linear Model
- Classification Trees
Descriptive Techniques

- Clustering

Group-By Processing
Auto-update

Gsas

THE
POWER
TO KNOW.
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LOGISTIC REGRESSION

[t -] @ pocci ] Ssas

Sige Ot

Fle Edt Data View Hepp
=0 LE G W T
Data 2 My Decision Tree 71 Wayne Logiste ot | Roles | Propertes | Fiters
ORGANICS [ organics Purchase (event-pougnt) R-square 01861 Onsenvations: 1,478,736 otk || | ame:  [Wams Coatc Wods
B (® Soarch dota
] Fit Summary O | Residual Plot o
Informatve missingness
v M Category (29) Vartable Importance 60 Frequency|( (] 0
M Age Group 4+ igh || |7 Use variable setecion
M Bough! Batery 2 z Significance level
M Bought Baking 2 o
nktuncton: [Logit
M Bougn! Beverages 2l [y o rerad i g
M Bougnt Canned 2 ) 0 — — Convergence
M Boughit Cleaners 2 I [ Ovemide funciion convergence:
M Bought Dairy 2] Vaiue: [ 0000001
M Bought Frozen 2
=z Overide oradient convergence:
M Bougnt Fruts 2 o || |2 2 &
M Bougnt ieat 2 01 001 0001 00001 <000001 &0 - I
M Bought Others 2 pvalue 000 025 050 075 100 Maximum iterations
M Bought Paperaods. 2 Predicted Probabilty Assessment
M Bought Vegetates 2 2
Use defaultnumoer of bins
M Customer 0. 5000+ | | Assessment S | influence Piot o | @ R =
M s mosrsphicFisa 2 ¥ mber 5-100) = _F
M DemographicFlag2 2 Prediction cutoft: s H
M DemographicFlag 3 2|f ¥ H ‘| Tolerance: [ 0.000001
M DemographicFiag 4 2 ¢ H M
| e
M DemooraphicFiags 20| 25 H |1 snowDiagnostic ots
M DomocraghicFiags 2f|| & H
M Demosraphicriag7 2||| E,
M DemographicFlag s 2 =
M Gender 3
M Geographic Region 6 b
M Home Owner 2] c o
M Loyalt Card Class 4 ercentile g 7 z 3
M Organics Purchase 2 o Likelinood Displacement
m i 56 &
M Telewsion Region 14| | oimensions | eration History | Convergence | Fit statstics | Type W Test | Parameter Estmates

v & Measure (7)
& Anuence Grade
& Age
& Loyalty Card Tenure
& Racent 12 onth Purchase
& Recent 3 Month Puichase
& Recent 6 Wonh Purchase
& Recent 0 lonih Purchase

Parameter Estimate  Standard Error Valve Prafz
Intercept 109749 0095139 1153857 <0.0001
Afluence Grade 0286759 0000699 3874463 <0,0001
Age 0,054 0000179 301823 <0.0001
Loyally Card Te. 0005075 0000525 9671828 <0.0001
Recent 12 Mont. -0.00002 0.00003 05074 08119,
Recent2 Nonth 6.99E6 0000061 011409 09085
Recent6 Montn 0.000035 0000053 067043 05026,
BoughtBevera. 000282 0004793 061011 05418

[ Auto-update model

Update




SAS° VISUAL
STATISTICS

[fi -] & Poecti]
Pl Eai Dan vew Hep
Ond B KHEKLE

Data fi, My Decision Tree.

DECISION TREE

‘ORGANICS 5 janics Purchase (event-Bou senvations: able
[ormamea purchase ) CELCETAT 00 Tabe || | Wy Dedsontros
Search ata
5l EETT S | === o

v M Category (20) 1 || | Maxmumbrancnes: (2[5

M 49 Group O
Madmum levels: S|
M Bought Bakery
M Bought Baking Leafsize:
M Eougt Beverages Response bins: o |5
M Eougnt Canned .
Predictor bins: 20

M Bougnt Cleaners. =B
M Eougnt Dairy | Pruning ST AoEssie
M Bougnt Frozen F —_—
M Eougn Fruits Rapld growh
M Eouant beat Inciude missing
M Bough Others Reuss predictors
M Bougnt PaperGoods B =
M Bought Vegetables reauency | Con I~
M customeriD J 1| | nssessment
LB ) [¥] Use default number of bins

M Demographic Flag 2
M Demographic Flag 3
M DemographicFlag 4
M DemographicFlags
M Demographic Flag &

Numer - 100)
Preaiction ot
g Tolerance: __nnonn

90516 (32.03%)
184376 (67.07%)

M DemographicFlag 7 ] Show Diagnostc Plots

: Demographic lag 8 e e
Gender

M Geographic Region

M Home Owner

M Loyally Gard Class

M Organics Purchase

m 56

M Television Region i
v & Measure (7)

& Amuence Grage

& Age

& Loalty Card Tenure

& Recent 12 Month Purchase:

& Recent 3 Month Purchase

@ Recent 6 Month Purchase

& Recent 9 Month Purchas e Organics Purchase
ougnt_ mNo




SAS° VISUAL
STATISTICS

1t -]
Flo  Eat Daia View Help
e=d LS E e

Logistic 1 [*]] & Cluster 1

CLUSTERING

A==

‘Show Summary Tabl

v M Category (1)

M s Species 3
v & Measure (4)

& PetslLengt (nm)

& Petal Wigth (mm)

& sepal Lengtn (mm)

& Sapal Width (mm)

[Petarvidtn gm) |
g

&
..

[ Sepal Length (mem) |

E |40

Sl

HES

§ 20

3% . "
o ] -

Petal Lengih (mm)

10 ®

Petal Width (mm)

133 polylines)

Cluster ID

Sepal Width (mm)

440

Name:

Cluster Matrix
Number of dusters:
Seed

Initial assignment

Visibla roles:

Paraliel Coordinates.
Number of bins

Maximum polyines:

[ showElipses
[ show Centroids

[ Auto-upcate mods!

Roles | Properties | Filters

3

1234

orgy

[ Varlatie Standaraization

Update




SAS° VISUAL
STATISTICS MODEL ASSESSMENT

(30 R ==

Fle Edt Data Vew Hep
b W L ELE
pata
oRGANICS
[B)(® searcn caa
L 4
M souor Bakery 2
M coucri Bsking 2
M Bougnt Beverages 2
M Eougnt Cannea 2
M Bount Cleaners 2 '\
M BougntDary 2 \
2
2
2
2
2
2

Roles | Properties | Fiters
Tatle | Name:  |Comparison 1

Fit Statistic o

m T~ Fit Statistic. [Wis dassificaion I

“
H
i
‘|
g
H
i
H
B

U
o

Prediction Cutoft:
) 05

s R «

M Bougnt Frozen

M Bought Fruits

M Bougnt Meat

M Bought Others

M Bougnt PaperGoods

M Bougnt Vegetables

M CustomerID. 5000+

M DemagraphicFiag 1 2

M Demographic Flag 2 2

M DemographicFiag 3 2

M DemographicFlag 4 2

M DemographicFiag 5 2

M DemagraphicFiag 6 2

M Demographic Flag 7 2
2
3
6
2
1
2

015

n
7

010

Cumulative

Misclassification

R
S

M DemographicFlag 8
M Gender

M Geographic Region
M Home Owner

M Loyalty Card Class .
M Organics Purchase Racesily Wayne Logistic Hodel Saturated Logistic
M Residental Nelghborhood 56 =+ = Wayne Logisfic Modsl — — Saturated Logistic| Model

M Telavision Region 1

v & Measure (7) Statistics [+ Variable Importance [+]

(7 Ll Selocted Model NumborofObs.  R-Squara Max.roscaled .. ac ace SBC Mischssificati.  CStatistc K-S Statistc
& o No Wayne Logistic.| 1470706 0186114 0277217 1342034 1342034 1242303 0211157 0775401 0417136

Loyally Card Tenure
: Reyc:'m s Yes Saturated Logi...| 1479796 0243935 0363342 1233131 1233131 1234302 0195434 0821453 0.485336

& Recent 3 Month Purchase
& Recent 6 Month Purchase
& Recent 9 Month Purchass
¥ Term 2)
Vi Afuence Grade*Afluence Grade
" Afuence Grade*Age I o 0 Y Sep—

o 20 %0




SAS° VISUAL

STATISTICS KEY BENEFITS
PRECISION Best_-ln-f:la?s data discovery and analyt!c_s to derive
precise insights and make targeted decisions
AGILITY Spend more time perfecting your models to reflect
changing conditions and less time waiting for answers
— SPEED In-memory Analyt_ics pr.ovi.des speed, scale and
concurrency for timely insights
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