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Trends in Data Science
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So how does Automated Analytics help?
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But | am a Data Scientist, and | am efficient «by hand»

A logistic regression only takes a few lines of code in MLIib.

import org.apache. spark_ml1ib. classification. {SWModel, SWWHthSGD}
import org.apache. spark.ml11b. evaluation. BinaryClassificationMetrics

import org-apache. spark_-ml1Tib.uti 1_-MLUE1 1=
val data = MLUti1s. loadLibSvMFile(sc, "data/ml1lib/sample_libsvm_data.txt™)

val splits = data.randomSplit(Array(0.6, 0.4), seed = 11L)

training = splits(0).cache() \JL Spl |t data

val test = splits({l)

-

va

val numIterations = 100

val model = SVHI!."ithSG‘D‘.tr‘a'ln(tr‘am'ing, numIterations) } Traln One mOdel

model. clearThreshold()

val score = model.predict(point. features)

val scoreAndLabels = test.map { point == L Apply the mOdeI On neW data

(score, point.label)

}

val metrics = new BinaryClassificationMetrics(scoreAndLabels)

val auROC = metrics.arealnderROC()

- Evaluate model quality

printIn("Area under ROC = " + auROC)

model. save(sc, "target/tmp/scalasSvMWith5GDModel™)
val sameModel = SvMModel.load(sc, "target/tmp/scalasSvMwithsGDModel™)

Source: http://spark.apache.org/docs/latest/mllib-linear-methods.html
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However, most projects are more complex
The Cross Industry Standard Process for Data Mining (CRISP-DM)

Business Data
Understanding Understanding
Data
Preparation R

The previous code only i |

Deployment it | split data
creates 1 model. The - pata EE } T na s
remaining aspects are

-- Apply the model on new data
not addressed yet. '

il

+ Evaluate model quality

Evaluation

Source: https://en.wikipedia.org/wiki/Cross_Industry Standard Process_for_Data_Mining
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Automated Predictive Analytics
The Cross Industry Standard Process for Data Mining (CRISP-DM)

Mass-produce such
best-performing models

Monitor these models on
their predictive quality
Retrain if needed
Calculate new scores

and write back or into
business applications

Business Data
Understanding Understanding

Deployment

Explorative / Agile BI frontend

Derive new variables in graphical
interface that describe the subject

Data
Preparation

Handle missing values and outliers
Create robust groups

Data Modeling

Evaluation

Source: https://en.wikipedia.org/wiki/Cross Industry Standard Process for Data Mining

Calculate many different models

Evaluate models on unseen data and
select the best-performing

Interpret model and discuss insight with
the business department
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Automated Analytics

How?

L N o
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The Principles

The technology used in the Automated Mode of SAP Predictive Analytics is an implementation of the theory of
statistical learning from . SAP obtained this technology with the acquisition of a company called

in 2013.

Some principles are key:
, No testing of them

No required distribution of the predictors
Ability to handle large number of predictors
No assumption on relationships between predictors

The user has control of the process ‘5

The process is 2 steps:
Preparation of the data for further processing / encoding

Algorithmics

It relies on which is implemented in the encoding but also in all steps of
model building. The algorithmics is Ridge Regression.
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Automated Predictive Analytics
The Cross Industry Standard Process for Data Mining (CRISP-DM)

Business Data Explorative / Agile BI frontend
Mass-produce such Understanding Understanding

best-performing models Derive new variables in graphical
Monitor these models on interface that describe the subject
their predictive quality e Handle missing values and outliers
Retrain if needed Create robust groups

Data : .
Calculate new scores Calculate many different models
and write back or into

business applications

Evaluate models on unseen data and

select the best-performing

Interpret model and discuss insight with
the business department

Source: https://en.wikipedia.org/wiki/Cross Industry Standard Process for Data Mining
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Data Preparation
Turning raw data into wide descriptive datasets

Creating a semantic layer. The structure does not have to be persistet.

Merge
* -8
Er— K CLENT D ‘
mmmmmmm o B o — oA e } Define & successive period(s) of 1 Quarter(s)
2 = — starting 8 Quarter(s) before KxTime Stamp
oo |
: Aggregates
Tables Joins ggreg

With understanding of time
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Data Preparation
Turning raw data into wide descriptive datasets

Creating a semantic layer. The structure does not have to be persistet.

Name

Age

Martial status

Account Balance today

EC——

S | R Average Account Balance -1 Quarter

PPPPPP - — — Average Account Balance -2 Quarters

o ) Average Account Balance -3 Quarters
Differences in Avg Account Balance in Euro
‘‘‘‘‘‘‘ o Differences in Avg Account Balance in %
Average Account Balance -1 Year
Average Account Balance -2 Years
Tables

Average Account Balance -3 Years
Differences in Avg Account Balance in Euro
Differences in Avg Account Balance in %

Maximum Account Balance -1 Quarter
Maximum Account Balance -2 Quarters
Maximum Account Balance -3 Quarters
Differences in Max Account Balance in Euro
Differences in Max Account Balance in %
Maximum Account Balance -1 Year
Maximum Account Balance -2 Years
Maximum Account Balance -3 Years
Differences in Max Account Balance in Euro
Differences in Max Account Balance in %

... and thousands of further columns...

Wide descriptive datasets
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Big Data is not just big
Wide, or deep, or both
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Why Big Data for Predictive?
Lift with Simple Aggregates

20 Variables
« Demographics / Account Information
« Simple Aggregates (e.g. Account Balance, Total Usage)
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Why Big Data for Predictive?
Lift with Complex Aggregates

100 Variables
* Pivoting Transactions (e.g. Calls by Type)
« Time-Sensitive Aggregates (e.g. Calls by Week)

0.95 4
0.90 4
0.85 4
0.80 4
0.75 4

0.70 4

0.50 4
0.5 4
0.0 4
0.35 4
0.20 4

0.25 4

0.05 4

0.00 -

© 2016 SAP SE or an SAP affiliate company. All rights reserved.



Why Big Data for Predictive?
Lift with Social Network Analysis

200 Variables
« Social Network Analysis (e.g. Calls in First Circle)
« Community Detection (e.g. Community Churn Rate)
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Data Preparation
Encoding the columns, Nominal and Ordinal columns

Example: Let’s consider a Variable V1 with 4 categories A, B, C and D and some missing values.

Category / Level Percent of target Percent of target Assigned value
variable in variable in In encoded

Estimation Validation dataset

0.2 0.2

0.1 0.1

NULL 0.2 0.2 KxMissing

Categories with low frequency (outliers) are put together in a noise category called KxOther. It contains as well
categories that are not robust i.e. that don’t have the same target rate between Estimation and Validation (tested
with a Chi Square Test of Independence).
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Data Preparation
Binning to obtain robust groups

Grouping can help to increase robustness. Categories are grouped depending on the target encoding.

Category / Level Percent of target Percent of target Assigned value in Grouping

variable in Estimation variable in Validation encoded dataset

A 0.1 0.1 A A;D

B 0.2 0.2 B B;KxMissing
C 0.15 0.3 KxOther KxOther

D 0.1 0.1 D A;D

E 0.35 0.15 KxOther KxOther
NULL 0.2 0.2 KxMissing B;KxMissing

From the encoding we can expect that A and D could be regrouped as well as B and NULL (as they have similar .
This is done iteratively:

by calculating KI+KR for the non-regrouped categories and the regrouped ones
If KI+KR doesn’t decrease (with a tolerance), the group is kept
Further grouping is tried to the point where Kl + KR decreases
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Automated Predictive Analytics
The Cross Industry Standard Process for Data Mining (CRISP-DM)

Business Data Explorative / Agile BI frontend
Mass-produce such Understanding Understanding

best-performing models Derive new variables in graphical
Monitor these models on interface that describe the subject
their predictive quality e Handle missing values and outliers
Retrain if needed Create robust groups

Calculate new scores pata Calculate many different models

and write back or into
business applications

Evaluate models on unseen data and

select the best-performing

Interpret model and discuss insight with
the business department

Source: https://en.wikipedia.org/wiki/Cross Industry Standard Process for Data Mining
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Modeling
Ridge Regression

The Ridge Regression penalizes the size of the coefficients by minimizing this extended term:

mn

P
xR 2
(Z (i = xiB) ) 4 ; g \ p: number of parameters

=

A:Ridge Parameter

The coefficients that minimize that error are estimated with: B = (X"X + AI ) 'XTy

Source: http://web.as.uky.edu/statistics/users/pbreheny/764-F11/notes/9-1.pdf
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Modeling
Selecting the best model

By playing with A4, more or less constraint is applied on the coefficients of the regression.
If a lot of constraint is applied, the Training error () is high but the Generalization error (&) is low

Inversely, if little constraint is applied, the Training error (&;) is low but the Generalization (g;) is is high

Error | Best Total Error

Model
Training 1 -
Error Generalisation

N

Simple Models Model Complexity 5 Complex Models

Models are “Over
trained” or “Over fitted”
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Automated Predictive Analytics
The Cross Industry Standard Process for Data Mining (CRISP-DM)

Business Data Explorative / Agile BI frontend
Mass-produce such Understanding Understanding

best-performing models Derive new variables in graphical

Monitor these models on interface that describe the subject
their predictive quality Preparation

Handle missing values and outliers

Retrain if needed Create robust groups

Data : .
Calculate new scores Calculate many different models
and write back or into

business applications

Evaluate models on unseen data and

select the best-performing

Interpret model and discuss insight with
the business department

Source: https://en.wikipedia.org/wiki/Cross Industry Standard Process for Data Mining
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Closed Loop

Automtically Retrain and Apply Models

Maintain large number of models

Automatically retrain models
when needed

Automatically apply models and
persist scores to source systems
or business applications
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Run Status Reference Date
20 August 3, 2016 12:00 PM
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14 July 26, 2016 12:00 PM

© 2016 SAP SE or an SAP affiliate comp

Start Date

August 3, 2016 2:00 PM

August 2, 2016 7:24 PM

August 2, 2016 7:24 PM

August 2, 2016 7:24 PM

July 28, 2016 9:25 PM

July 27, 2016 8:07 PM

July 26, 2016 2:00 PM

ts reserved.

- oW

7% SAP Predictive Analytics - X

Welcome to Predictive Factory

[#] Thank You X P SAP Predictive Analytics - X

« g
Home \ Credit Card Affinity \ Retrain Credit Card Affinity

Task Run 20

OVERVIEW STATUS

Model Performance
Predictive Power

Prediction Confidence

95.66%

Maximum Smart Variable Contributions

End Date
August 3, 2
DISTRICT_ID_2 B 1507
August 2, 2(
QuarterlyTransaction_4Q48_OPERATI
August 2, 2( on_colLECTIONFROMANOTHERBA | 1503%
NK_SUM_2_AMOUNT
August2. 20188 DATE_Y Hl 1475%
July 28, 201 TYPE Bl 1259%
July 27, 201

July 26, 2016 2:00 PM

Task Run

€« C A |[4 127.0.0.1:6405/PA/#/project/2403/task/35680/execution/78970/debrief/overview
14
@ ™ @ Q& Andreas

Reference Date: August 3, 2016 12:00:33 PM

Target Key Frequency

Validation
98%

N

Detected ...

Performance Chart

Estimation

99%

100% -
Wizard
500 - ® validation
@ Random

' |




Automated Predictive Analytics
The Cross Industry Standard Process for Data Mining (CRISP-DM)

Mass-produce such
best-performing models

Monitor these models on
their predictive quality
Retrain if needed
Calculate new scores

and write back or into
business applications

Business Data
Understanding Understanding

Deployment

Explorative / Agile BI frontend

Derive new variables in graphical
interface that describe the subject

Data
Preparation

Handle missing values and outliers
Create robust groups

Data Modeling

Evaluation

Source: https://en.wikipedia.org/wiki/Cross Industry Standard Process for Data Mining

Calculate many different models

Evaluate models on unseen data and
select the best-performing

Interpret model and discuss insight with
the business department
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Big Data in Hadoop ihadmmp

hEEIBEI Features
- - . Commodity Hardware ($1500/ TB)
Reduce SOL Spark Hive Open Source Stack ( No Licensing fee)
Elastic scaling
scales linearly with # of nodes
Easy to add 1000s of (cheap) nodes
! ‘ Code executes close to the data

Rack 1 Rack 2 Rack n

F | |G | | B
| | | | B e

i.ﬂ Node n I-E Node n I.E Node n

© 2016 SAP SE or an SAP affiliate company. All rights reserved.



Hadoop Perspective for 2016

WHICH OF THE FOLLOWING COMPUTE
FRAMEWORKS ARE OF MOST
INTEREST?

(Select all that apply)

Compute
Frameworks _67»

As illustrated below, interest in 55%

Apache Spark surpasses interest
in all other compute frameworks,
including the recognized
incumbent, MapReduce.

MAPREDUCE

Adoption interest
for Spark has

toppedin

Hadoop eco-system

2016's #1 trend:
Apache Spark
will move from
talking pointinto
deployment

Sample size: 267

Big data UJ=4232¢ 7e)pr wl=1eleje)e) WHATHADOOPUSECASES
s J-“-'-‘ 191 rLj‘JJJr) ARE OF MOST INTEREST

wo rkl 0a dS mn As Hadoop becomes more widely Tl] Yﬂuq
pro ductlon embraced, respondents are using Sample size: 267
Hadoop not only to reduce costs
j u mp e d by n e arly but also to advance their business,

allowing them to incorporate
big data in strategic ways.

More than half of
respondents see Hadoop
as a way to innovate,
using data from social

30% from 2014

For 40% of respondents
Hadoop is used as a cost- media and the laT and
effective alternative for applying predictive
storage and processing in analytics and visualization
the data warehouse. for greater insights about
their business.

RELATIONSHIP WITH SPARK

OTHER

Evaluated,
Evaluated, will use in 2016 or later
not planning to use

Currently using
in production

want to leverage
Hadoop for
Business users
and Advanced
use cases

Planning to
use in 2015

Um, what’s Spark?

Source: http://www.syncsort.com/
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Modeling for Big Data
Traditional Tiered Architecture vs. Native Spark Modeling

Full dataset brought to application for processing Data processing beside data

Limited Performance, Scalability Performance and scalability built-in

Limited D_ata Processing on a 1000s of Nodes designed for cost
single server effective Data Processing
Predictive Analytics SAP Predictive
Automated tools Analytics - Automated
No Data TransferJSON ------------------- Stats 7777777777777777777777777777777777777
A > e Ode 0
FULL Data Transfer Scales
S J\Z Database
o, | Soolk

iIVE
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Native Spark Modeling - Architecture

SAP Predictive Analytics - Automated Engine

Modeler

Kernel (C++) :I—:' In-database

oy
Modeler D elegation Modeler

(Drata Intensive Steps onby) r

Q% O3

Connectivity

Data Access Spark Driver (JMNI)
Legend: oDBC Ty 3 Spark on YARN () 5
Mative Spark Hadoop Cluster
Modeling
Component . il AR
Al %33 Mode Manager
Existing Automated dr') =
Component
Apache Spark Framework
Custom Spark Job Framework
Data Intensive Jobs
Training Drata 2
8 Job Resutts O ¥ Job Job Job
Handler -
Handler - Handler - -na
Statistics Encoding I
Matriz
( In-memory Result Cache ) qurk
C HDFS )
T
CrfiE=lalola]s)
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Performance and Scalability
With and Without Native Spark Modeling

Response time in mins Summary

1,800 s 14 times faster for 15K var
1,600 : dataset
1,400 .

/ 10 times faster for 2K var
1,200 dataset
1,000

850
800 _ _ _
Native Spark Modelling performance is

600 better with bigger and wider datasets

400

200 - 125 112 Scalability = quadratic O(n?) of matrix

s Ml 24 ity =
0 —_ — — operations

Bank_ADS 150 X 1.5 Continuous 2K X 500K Cateogrial 1200 X Orange 15K X 50K  Orange 15K X 500K
mil 500K

B SAP PA without Native Spark W SAP PA with Native Spark
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Summary
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>> Tutorials and blog
>> Trial version download
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http://scn.sap.com/docs/DOC-32651
http://scn.sap.com/community/predictive-analytics/blog/2016/03/18/big-data-native-spark-modeling-in-sap-predictive-analytics-25
https://go.sap.com/cmp/ft/crm-xm15-dwn-an001/index.html?url_id=text-uk-sapcom-predictive-analytics-trial-software

Thank you

Contact information:

Priti Mulchandani Andreas Forster
Product Manager for Big Data Analytics Global Center of Excellence
p.mulchandani@sap.com andreas.forster@sap.com
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