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How does SAS support
Machine Learning?

Agenda

- What is Machine Learning?

- Terminology and key characteristics
- How you can use machine learning in SAS
- Examples in SAS 9 and SAS Enterprise Miner

- Examples in SAS Viya
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What is Machine Learning?
Definition

- Automatic
- Adaptive

Using iterative processes, machine learning builds
models that automatically adapt with little or no
human intervention.
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Data

Why is it so important now?

Computing
Power

Algorithms
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Terminology
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Terminology
Machine learning terms versus inferential statistics terms

4 N 4 I
what are all these archate, WW are all Zéede e

outmodead and confusing terms? W&d aud WW Zonmo?
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- Feature - Variable

« Input - Independent Variable
- Target - Dependent Variable
+ Object - Observation

§sas



Terminology
What are Machine Learning terminology?

In statistics we predict a Y or a dependent variable.
In data mining, Y is called a target.

In machine learning, a target is called a label.

In statistics and data mining our inputs are called X’s.
In machine learning our inputs are called features.

In statistics and data mining we transform our X’s.

In machine learning we do feature creation.



How Does Machine Learning Work?
Distinguish apple from orange




How Does Machine Learning Work?
Distinguish Granny Smith apple from Fuji apple




How Does Machine Learning Work?
Finding the rotten apple




How Does Machine Learning Work?

Trained on labeled examples

Supervised Learning
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How Does Machine Learning Work?

Unsupervised Learning

Trained on unlabeled examples
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How Does Machine Learning Work?
Semi-Supervised Learning

Use labeled and unlabeled observations
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How Does Machine Learning Work?
Semi-Supervised Learning

Use labeled and unlabeled observations




How Does Machine Learning Work?
Not New for SAS

Machine Learning has been available in both SAS/STAT and
Enterprise Miner for decades

% Neural Networks frl;‘éh Gradient Boosting
;‘:E Decision Trees Text Analytics
;E Random Forests i | Regression

B # Clustering
§sas



PROC DISCRIM (K-nearest-neighbor discriminant analysis)
— James Goodnight, SAS founder and CEQ, 1979

« 1980's:

- Samuel's checker proagram

Machine
Learning

SAS Data Mining Primer Course
SAS Institute, 1998

||

mass spe
Variables

Variables

gnosis ruls , :
Figure 3: Simple Linear Perceptron = Multivariate Multiple
orld plann  Lincar Regression

# Neural Networks and Statistical Models,
SAS Institute, 1994
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http://support.sas.com/documentation/onlinedoc/stat/132/discrim.pdf
http://www.sascommunity.org/sugi/SUGI94/Sugi-94-255 Sarle.pdf

SAS Machine Learning

Neural networks

Decision trees

Random forests

Associations and sequence discovery
Gradient boosting and bagging
Support vector machines
Nearest-neighbor mapping

k-means clustering

Self-organizing maps

Local search optimization techniques
such as Genetic algorithms

ALGORITHMS

Regression

Expectation maximization
Multivariate adaptive regression splines
Bayesian networks

Factorization Machines

Kernel density estimation
Principal components analysis
Singular value decomposition
Gaussian mixture models
Sequential covering rule building
Model Ensembles

And More.......



proc hpsplit data=sashelp.hmeq maxdepth=7 maxbranch=2;

run;

target BAD;

input DELINQ DEROG JOB NINQ REASON / level=nom;

Did you know?

Subtree Starti

HPSplit Procedure

N
2
1

2

DEBTINC
<43.843

Node

00811 /L.
80 /..

ng at Node=0

0
2667/8...
09088 /..

04089

DEBTINC
>=43.843

input CLAGE CLNO DEBTINC LOAN MORTDUE VALUE YO / level=int;

criterion entropy;

prune misc / N <= 6;

partition fraction(validate=0.2);

rules file="hpsplhme2-rules.txt';

score out=scored?2;

HPSPLIT Procedure Documentation

Node
N 2503/8.
2 08302/

1

Node 2
N 74718
- 1 08378/..

|| 00608 /.

2 08302/

W | 08378/
& 2 01822/

DELING

DELING

234567,... 0111121315

Node 3 N
N 185/37 N
2 D752/, 2

ode 4
2428/8...

00448 /..

1 D2848/. 1
2 071524 2

00552 /...
09448 /..

CLAGE
< 175649

CLAGE
>=175.649

Node 5
N 1196/3.
2 09130 /..

Node 8
N 1232/3..
2 097481

| 00881 L.
2 09139 /..

2 04748/

» ‘ l 1 00252/..

1 BAD=1

2 BAD=0
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http://support.sas.com/documentation/cdl/en/stathpug/66410/HTML/default/viewer.htm#stathpug_hpsplit_examples01.htm

SAS Enterprise Miner
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Algorithms — basic and advanced

SAS Enterprise Miner
Linear & Logistic Regression
Decision Trees
Random Forest
Gradient Boosting
Support Vector Machines
- Neural Networks
Clustering
Bayesian Networks

«  Principal Components

Open Source Models

TO_ powe_sod_debivnry _baloss _prom



Classification
Our example today

The dataset is from a financial institution with customer demographics
and loan/credit behavior.

The goal of this modeling exercise is to predict which people are likely to
default on a home equity loan.

The data are at the customer-level (subject-level).
n=5960

Alphabetic List of Variables and Attributes

— # Variable |Type Len|Label
COl umns = 13 1/BAD MNum 8 Default or seriously delinquent
10|CLAGE Num 8 /Age of oldest credit line in months
12 CLNO Num 8 Mo. of trade credit lines

13|DEBTINC  Num 8/Debt to income ratio
9 DELINQ Num 8/ MNo. of deliquent credit lines
8 DEROG Num 8 Mo. of major derogatory reports

6 JOB Char 7 ProfiExec/Office/Self/Other

2 LOAN Num 8/ Amount of current loan request
3/MORTDUE Num 8/ Amount due on existing mortgage
11 NINQ Mum 8|Mo. of recent credit inquiries

5/REASOM | Char 7/Home improvement or Debt Consolidation
4 VALUE Mum 8|Value of current property

7v0J Num B Years on current job gsas



SAS Enterprise Miner

Machine Learning and Artificial Intelligence Demo
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SAS Viya Products

- SAS Viya is an underlying foundation for additional products that will take
advantage of a cloud-enabled, open platform. Most offerings include both a
coding interface as well a visual interface.

« SAS Visual Analytics

- SAS Visual Statistics

- SAS Visual Data Mining and Machine Learning
« SAS Visual Forecasting

« SAS Visual Text Mining

« SAS Optimization

« SAS Econometrics

« SAS Visual Investigator



SAS' Visual Data Mining and Machine Learning

Visual “drag & drop” ;
Interface Data Visual Model
: Preparation Exploration Studio

im &

Programming
Interface

Model
Deployment

Machine
Learning




SAS Viya  Based Product offerings

a. b. C.

SAS Visual Data

Interfaces SAS Vis_ual SAS \/is_ual Mi_ning and.
Analytics Statistics Machine Learning
. ’ Visual Data Mining and
Visual SAS Visual Visual Analytics (VA) Visual Statistics (VS) add- Machine Learning
Analytics Interface on to VA Interface (VDMML) add-on to VA
approaCh Interface

... ... .. .. .
Programmatic ~ 5ASStudio
&, {REST ) CAS actions, PROCS CAS actions, PROCS
a pproaCh ﬁ%ﬂ S related to VA capabilities related to VS capabilities
jthon @

CAS actions, PROCS
related to VDMML
capabilities

.




How Does Machine Learning Work?
Example Algorithms in SAS VS/VDMML

SUPERVISED
LEARNING

Tree-based models
(Decision Trees,
Random Forests,
Gradient Boosting)
Regressions
Neural Networks
Support Vector
Machines
Recommender
Systems

SEMI-SUPERVISED
LEARNING

UNSUPERVISED
LEARNING

Clustering
e Factorization
Machines

Clustering
Principal
Component
Analysis
Text Topic
Detection




OSTIINN Introduction: Software Overview
Multiple Interfaces Target Different Users

SAS" Studio




Interfaces
Building a Model from Scratch in the Visual Reporting Interface
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SAS" Studio

Interfaces
Building a Model Using SAS Studio Tasks
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Interfaces
Building a Model Using SAS Studio Snippets

SAS® Studio
» Server Files and Folders [£8 supervised Learning1 %
» Tasks and Utilities CODE LOG RESULTS
~ Snippets £ < H B BB & D & | % R||(Uer |©| % bi | W E|H
g by _NAWME_; x
[* E B O S

4 2 My Snippets

[ My First CAS /* Variance explained by Iteration plot */
=3 My First CA

proc sgplot data=out_iter_ trans;

4 8 snippets title "Variance Explained by Iteration”;
bﬁfm yaxis 1abelf"Var‘iance Explained";
4 18 Machine Learning run.Vbar‘ Iteration / response=COL1 group=_NAME_;
3

[E: Load Data

/x;;xxx**xxx*xxxx**xxxx;xx***xx*t;xx*:g*xx*t;xxx*kxx**ng*#xxxx*xxx**xxxx*/

[E; Prepare and Explore Data
/* Build a predictive model using Random Forest */

= - A\ A } -
[E; Compare Two ML Algorithms JERRE SRR AR AR AR A E R A ETH K FE A AR TR AT AE AR E SRR E R R KX KK E TR KEEEAS

[E5 Compare Several ML Algorithms proc forest data=&caslibname.._prepped ntrees=5@ numbin=2@ minleafsize=5;

[E: Generalized Linear Models input &interval_inputs. / level = interval;

input &class_inputs. / level = nominal;

target &target / level = nominal;
partition rolevar=_partind_(train='1' validate='0");
code file="&outdir./forest.sas";

» Libraries ods output FitStatistics=fitstats;

E: Unsupervised Learning

[5; supervised Leamning

» File Shortcuts

@ Messages: 1 User: sastestl

§sas



Interfaces
Building a Model Using Python

: J U pyte I’ Control Pansl  Logout
GELANALYTIC_03ModelDev_04PythonSupervised s swnse

Fils Edt View Insen Cell Kasnsl Help | Python [Rect} O
E + 58 4 *Q‘mc Marxsown E] m Cellcobar @ © ©O

BAD. BAD Indcates w or not a home equity loan reciplent detauited (BAD =1) or not (BAD

=0)

1 Set up (same as previous exercise)

Ir@ import awat
from svat import *

froe pprint lmport pprint

from matplotlib import pyplot as plc
import pandas as pd

import sys

fmatplotlih inline

cashost="gateksbhdpll.gatahadosy.com'
casport=3370
casauth®'/home/sasdeno/.authinfo’
indata _dir="/opt/sas/dats’
indata="hmeq"

sess * awat.CAS (cashosz, caspert, suthinfo®casauth, caslib®“mycaslib®)

caslib=snes,table,addcaslib (nane="nycaslib"”, path="/opt/sas/data/" davasource=|
results=sess,table.caslibInfo({caslib="nycaslib®, verbose="Trua"}
info*sesa.table.fileinfo{casitb**aycaalib®)

ras=sens.table, loadtable (path="nseg. sasThdat ", caslib="nycaslib", cancar={"nane":
res=sess,table,tableinfo()

<} w | »

L




- Modeling Techniques

SAS Viya Key Features

Visual Interface

Clustering (k-means)
Linear Regression
Logistic Regression

GLM Regression
Decision Trees

Forest

Factorization Machine
Gradient Boosting
Neural Network
Support Vector Machine

« Common Features

Training & Validation partitioning
Variable Importance / Profile
Model Assessment

Model comparison

Derivation of predictive outputs

Ability to export model statistics
into Excel

Score Code or Astore Table



SAS Visual Data Mining and Machine Learning 8.3
Programming Tasks in SAS Studio

SAS® Studio

» Server Files and Folders

« Tasks and Utilities
%- ‘ 5
* B My Tasks
“ 18 Tasks

¥ I8 Prepare and Explore

* M Unsupervised Leaming

4 [l Supervised Learing
|# Uinear Regression
lii Logistic Regression
WV Generalized Linear Modets
|# Partial Least Squares Regression
15¢ Quantile Regression
1:;, Decsion Tree
B Neural Network
%5, Forest
Q‘ Gradient Boosting
[& Factonization Machine
B Support Vector Machine
@ Bootean Rules

* 18 Evaluate and Implement

* I8 Network Optimezation

* 8 Econometrics

¥ I Graph

b Sp Utilities

SAS°® Studio

» Server Files and Folders
~ Tasks and Utilities
i~ (%]
> [ My Tasks
4 I8 Tasks
- i@ Prepare and Explore
4 18 Unsupervised Learning
%2 Clustering
[ Principal Component Analysis

[ Moving Window Principal Component Analysis

Support Vector Data Description

[ Robust Principal Component Analysis

ﬁ Text Parsing and Topic Discovery
+ 8 Supervised Leaming
+- 8 Evaluate and Implement
+ 8 Network Optimization
- 8 Econometrics
* B8 Graph
I & Utilities

Includes algorithms in the
visual interface plus

« Unsupervised Learning
Moving Window PCA
Robust PCA

Support Vector Data
Description

- Text Parsing and Topic
Discovery

« Supervised Learning

« Boolean Rules



Visual Interface Demo
SAS Visual Analytics
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SAS® Viya

Pipelines

Drag-and-drop pipelines including = =
preprocessing and machine learning 1
techniques

Customizable and portable nodes and SAS
best practice pipelines (Toolbox) e

Support for SAS coding (macro, data step, '/v

procs, batch Enterprise Miner) within o] Fo==m o] [(Emmir—— o
pipelines

Collaboration through the use of the
“Toolbox” — a collection of SAS Best
Practice Pipelines, in addition to user- R
generated templates

Example Code for Pipeline

Gsas


https://github.com/sassoftware/sas-viya-dmml-pipelines

v [ Data Mining Preprocessing

Anomaly Detection
& Clustering

B Feature Extraction
Y Filtering

Eo Imputation

BR Manage Variables
% Replacement

T Text Mining

fo Transformations
3k Variable Clustering

[E} Variable Selection

SAS® Viya

Pipelines

v [ supervised Learning

B3 Batch Code

- Bayesian Network
{3, Decision Tree

¥, Forest

W GLM

&, Gradient Boosting
l:Z Linear Regression
li¥ Logistic Regression

2> Neural Network

% Quantile Regression

%2 Score Code Import

B2 svMm

v DPostprocessing
% Ensemble
v [ Miscellaneous

2% Data Exploration
£} Open Source Code
[E: SAS Code

Q Save Data

Gsas



SAS® Viya

Pipelines

Fipwire | Poeline 2 Fipeline 3 + ae.wrmnnuns | e }

e,

Deasrztinr

| B 0w °

Applies numerical or binning
L anigemstons 1o MDUt eataties

L Crdadt imarvel inputs method
ll- Tranlorm.. @ : ] Nons T
A |

B =« v @

w» Binning

lm Variatile 5., o |

@ 8in Rare Class Leve's Qo

A
G DecmonT. @ ! A Gradent b o : i | il Loguarchie. @

[) Fejmet ohiginal variabiles

O Summary statatc

B s o : \_ Y,

. Gsas




SAS® Viya

Pipelines
Automated APl generation for
retraining and scoring

Ability to deploy models in to T —
databases directly

Assessment against imported Test
datasets

Integration with Model Manager for
versioning, tracking and deployment

Integration with SAS 9.4 Enterprise
Miner score code & Batch Code

Integration with Open Source (R and "
Python .

. Gsas



Visual Interface Demo

Pipelines
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Automating
Autotuning: Hyperparameters

Training a model involves using an algorithm to determine model parameters or other logic to
map inputs to a target

Tuning a model involves determining the algorithm hyperparameters (tuning options) that
result in the model which maximizes predictability on an independent data set

Max tree depth,
Splitting criterion, etc.

Network configuration,

Model

Solver options, etc.

| n p uts - Regression coefficients

- Neural net weights Ta I’get Polynomial order,
- Tree splitting rules |
- Ete penalty parameter, etc.

Very data/problem dependent!
51 9sas




SAS Programming Interface - AutoTuning Demo
SAS Visual Analytics & SAS Studio
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askcoo
the EXPERT

SAS Viya - Ask the Expert

http://support.sas.com/training/askexpert.html

s45 Vi

Agoestzing and Manipulating Data in 248 Viya
You may neve haant of SAS \Viya, o modamizaton of T SAS platiorm, but you maght oot bo faméiar with how 1D Sccoss
and manags your data R SAS Vi

Ragisier for live or on-demand avart ©

Laveraging 2AS Viys to Improve Baca 2AB Procectac nww lzg!

Th SAS FRatioom & greasy ennanced by SAS VAR In 1S sassion, NS pasenor wil Sham s mperiances i ievweragng
SAS Viya 1 mpone Baca SAS srocasses. Explom techncal Insghts and implamantation datals 1o gof your oo CAS-
enadiod achioving 1asior recuis. Thase am Bustraind by raal-4fe casa shuokes

Regictar for ive or on-demand evert ©

3A B Optimization on BA 2 Viya: Getiing 2tarted e 1 oost

Evary lma we use o GFS sysiam, neced.o lams purchased oning o 566 1000, madcing and cothing tnat ara In Siock,
W honad] Som optim2a80n Sigorinms. I IS prescnistion, you will et Coing axampias I ENeSr prograemming. mixed
integRr SNoar prOQraMITEng. NONENGSS INOQFAMITENG and Natwork opemezation.

Ragicter for live or on-demand evert ©

BAE Vicusl Analytios 8.2 on 343 Viya: Gefling 2tarisd

Loam aboudt the naw SAS Vieal Anatytics archtectume on SAS Viya In Visua Acalyics oo SAS Viya, data ciscovery ana
mpording can ba accompizhad thmgh 2 SNgR casy0.Se FRTioe. Join uS 35 wa epkone iInmema y dala and omate
IMeractive Moons and cashboards

Ragteter for Iive or on-demenc svent ©

2A & Vicual Data Mining and Machine Leaming on 3A3 Viya: Oetting Bfarind

SAS Visual Data Mering ane Machine Laaming 1 Sesgnad 0 the a6 scentsl, stasstician and aovanced business
anaysl. Vhatner you want 10 program of point 30 ook T provides novalive Jgorthns and fast, n-mamony processing.
This season 15 10r 1 now wsar, And covers whal it 5, tha walue praidad and an cvandow of tha capahiltios

Ragleter for ilve or on-demand everd ©

24 8 Vicual Forsoasting on 348 Viye: Gefting Btartsd nww 1osic!

Join his webingr S an inlroduction 1o SAS Visual Forecastng on EAS Viya. Laam what itia, how I Suppans nign-
parfymanco adnmalad fomeasing and how 1O =t wng it Ths presentation offies kaming oppartnties Lor al.

Ragicter for ilve or on-demand avard ©

BAS Vicual 2stictios on 842 Viye: Gething 3taried hww 1cpe!

SAS Visug Statstics is desgnod Tor sististoans ang Dusiness araiysis. You Can quickly omese prodictive moces Syough
1o visyal pont.and-cick intarface o thaoudh L3ing SAS Sugo or othar programmng Inleriacss. Ths
SERSION COVENS tha whart, why, 270 how Yo Lsing SAS Viauai Statistics 82

Ragicier for Ive or on-demand ovent ©

The New Languages of BAB 5.4 and 243 Viya: A 342 Frogrammer's Frimer

O you now tham 2ne many Mone ways (o program againet SAS 9.4 and BAS Viya procucts than et PROCST This
Sea500 will describe naw language inderfaces 10 SAS in SAS pogrammer tarms and how Daso compan 1 tadtiona
SAS 2.4 courtnmars

Ragicter for Ive or on-demanc svard ©

What It a CA BLIE and How Do 1 Use Them
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http://support.sas.com/training/askexpert.html
http://support.sas.com/training/askexpert.html

Model Selection
Machine Learning Algorithms Cheat Sheet

Machine Learning Algorithms Cheat Sheet

Unsupervised Learning: Dimension Reduction

START

Access Here



http://blogs.sas.com/content/subconsciousmusings/2017/04/12/machine-learning-algorithm-use/

Recommended Resources

An Overview of SAS® Visual Data Mining and Machine Learning on SAS® Viya
https://support.sas.com/resources/papers/proceedings17/SAS1492-2017.pdf

Video - Automated Machine Learning at Scale
http://www.sas.com/en us/webinars/automated-machine-learning-scale.html

Machine learning - what it is and why it matters (reading)
http://www.sas.com/en_us/insights/analytics/machine-learning.html

Live web and classroom training - Big Data, Data Mining, and Machine Learning
Big Data course

§sas


https://support.sas.com/resources/papers/proceedings17/SAS1492-2017.pdf
http://www.sas.com/en_us/webinars/automated-machine-learning-scale.html
http://www.sas.com/en_us/insights/analytics/machine-learning.html
http://sems.sas.com/bess/get?id=-129383.-1:-ijx5x33o:rzzb.1erfcbafrf0&RZNVY=xngr.fpujnem@fnf.pbz&nccvq=49496

SAS® Visual Statistics
Try it before you buy!

N il

SAS' Visual Statistics on SAS' Viya

i.‘-, t free for 14 -::‘.r,'-.‘

You'll need to sign in to your SAS Profile to
request the trial.

Don't have a SAS Profile? Create one now.



https://www.sas.com/en_us/trials/software/visual-statistics/ep-form.html

SAS® Visual Data Mining and Machine Learning
Try it before you buy!

SAS*® Visual Data Mining and Machine Learning

SAS’ VISUAL DATA MINING AND MACHINE LEARNING

Fverything you need to solve the most complex
analytical problems - in a single, integrated,
collaborative solution.

l Try it for free



https://www.sas.com/en_us/trials/software/data-mining-machine-learning/ep-form.html

ommunities
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Questions?

Thank you for your time and attention!

Connect with me:
LinkedIn:
Twitter: @Melodie_Rush

Sas.com



http://www.sas.com/
https://www.linkedin.com/in/melodierush

