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Agenda — Day 1

R L L

All 09:30-09:45  Coffee, Introductions, Connectivity !

Instructors  09:45 - 11:00 Microsoft R Server (MRS) Presentation
You 11:00 - 12:00  Lab 01 : Introduction to Microsoft R Server Lab

All 12:00 — 13:00 < LUNCH >

You 13:00 - 14:30  Lab 02 : Data Cleansing & Management with MRS Lab

You 14:30 - 15:30  Lab 03 : Building Predictive Models with MRS Lab

All 15:30- 1545 < BREAK >

You 15:45-17:00 Lab 04 : Free Lab with MRS Lab

All 17:00-17:15  Wrap-Up : Questions and Answers Discussion




Agenda — Day /

Instructors 09:30 - 11:00
You
You
All 12:00 - 13:00
You
All 16:00 - 16:30

Set-up Spark cluster
R Deployment Options
R Operationalization

Lab 05 — Operationalizing R with Azure Machine Learning
Lab 08 — SQL Server R Services

< LUNCH >

Lab 07 — Getting Started with MRS on HDInsights (Spark)

Wrap-up

Chalk & Talk

Lab

Lab

Lab

Discussion



From data to intelligence to action

On Prem or in the Cloud

Data
Sources

Cloud analytics

+ —
Apps @ Apps

HH

gﬁgsors Automated
devices Microsoft R Server & SQL R Services Systems

Hadoop Distributions

DATA — INTELLIGENCE — ACTION



Microsoft Data Platform

B Microsoft

SQL Server

Everything built-in
OLTP, analytical and MPP
Continuous innovation

Deep integration with Hadoop
using T-SQL

R Integration

Microsoft R Platform

Enterprise-ready R
Multi-threaded

Massive Parallel Processing
Reproducible R

Fast path to industrialization

Commercial support

¥

Cortana Intelligence

Scalable value-adding services
Stand-alone or hybrid solutions
Perceptual intelligence
Business templates

Industrialize in seconds

Open platform (R, Spark, Python)




Comparing CRAN R vs Microsoft R

@ CRAN R == Microsoft R Server
Speed of Analysis Single threaded I\S:Joltcletszrﬁgd1eﬁ| f ear:/ae”ril
Support Community Community + Commercial
. , , _ 8000+ innovative analytic
Analytic Breadth 8000+ innovative analytic packages with a fixed CRAN
& Depth packages repository + commercial

parallel high-speed functions

Deploy as web service
Custom Version control with Team
Services

Industrialization &
Code Management

License Open source Commercial license
Supported release with
indemnity




An R Server for Everyone

Bm Microsoft

Microsoft R Server for Redhat Linux

Microsoft R Server for SUSE Linux

Microsoft R Server for Teradata

Microsoft R Server for Hadoop on Redhat

SQL Server R Services




ntroducing SQL Server 2016 R Services

-nterprise-scale data science—Dbuilt-in

Simplicity & agility Scalability & choice Cost effectiveness

Enterprise speed & performance Model on-premises, store in Included in SQL Server 2016
cloud—or vice versa

Near-DB analytics Reuse and optimize
Hybrid memory & disk scalability existing R code

Parallel threading & processing
Not bound by memory-enabling Eliminate data movement
imits of larger datasets across machines

Write once, deploy anywhere



Microsoft SQL Server R Services

SQL Server

Analytics library 10101 Data Scientists | " Working from the R IDE and execute R

01010 Publish algorithms, interact Scripts that runs in-Database

Share and collaborate directly with data

Manage and deploy 001 00

Analytical engines y DB:AS ] = Can manage, secure and govern resources
: . anage storage an . .
Full R integration n analytics together of R Runtime Execution

Fully extensible

Data Management Layer Business

Analysts

Relational data Analysis through TSQL, tools,
and vetted algorithms = Run R Jobs

= Execute the R Scripts, invoking T-SQL

T-SQL interface
Stream data in-memory




SQL Server & Power Bl Everything Build-In

o o End-to-end Mobile BI
Future proof Most secure database 6 Mission critical In-database

. device &
Hybrid Database years in a row Database Technology g:oe\\/\rlmsyerewce Advanced Analytics

Advanced Threat Analytics

Backupito cloud SQL Server Auditing
Stretch Database o @

In-Memory Technology Online & Offline access Machine Learning

for OLTP & DWH Rich Visualization

—N
| (@ ROW & Column Store Power Bl Integration Cost efficient

. Row-Level Security . .
AlwaysOn: DR in cloud Real-time Operational Operationalize
Dynamic Data Masking ’| Analytics

Database as a Service Scale & Performance

Support
Always Encrypted Industry Leading TCO

Transparent Data Encryption
k ), R + in-memory at massive scale

< In-memory across all workloads >

Polybase

Al A Consistent experience from on-premises to cloud .



The Data Science Process with SQL Server 2016

1. Business and

. Reporting Technology
Planning

Services
. Power Bl o sul o
 Excel consumption LElE
- Bots

« PowerApps
« Azure Data Science

LogicApps Process with
7. Deploy SQL Server 3. Ingest Data into
models/analytics 2016 Data Platform
* DeployR (one-click)
L )
for ad-hoc data
* Directly viaR

+ Stored Procedures (one-click)
* Azure Machine Learning (Cloud)
+ Polybase to Hadoop
6. Train
Microsoft R Client 5. Generate and
RTVS or RStudio Select Features
Remote from any IDE onto Server
SQL Server Data Mining tools for
non-programmers

SQL Integration Services
R Stored Procedure
Data Tools
Import/Export wizards




s your problem big enough for Hadoop ?

When to use Hadoop ? When not to use Hadoop ?
« Conventional tools won't work on « |(When to use Hadoop ?)
your data

« You're in a hurry !
« Your data is really big !

- Won't fit/process in your favourite
database or file-system

- Data lS rea”y dlverse l | DO WE HAVE ANY ; YES, THE DATA sHOWS |i| MAYBE IN-MEMORY
ACTIONABLE ANALYTICS | 2] THAT MY PRODUCTIVITY |; |COMPUTING WILL ACCEL-
. FROM OUR BIG DATA a PLUNGES Ldi—ilENEVER You |:| ERATE YOUR APPLICA
« Semi-structured — JSON, XML, Logs, N THEClovor  [§] " LEARN NEW TARON. |

PLUNGE,

Images, SOUﬂdS [ % o § M o E PLUNGE,
1 03 n F &2 { '7' A7
C f 3 R o= =

- You're a whiz at programming and
sys-admin




When and Where Should | Use Hadoop 7

Store

Prepare

Model

Deploy

Consume

ORC, Parquet, Avro, JSON, Text

Spor‘lzz saQL

Of - TR

SParklyr <1 server 2016

Big Data
(>5TB)

Large Data
(<1TB)

Small Data
(MB)



Choices of a Big Data Platform

Accelerate the pace of innovation through a state-of-the-art cloud platform

Azure Data Lake
Analytics

User Adoption

Azure HDInsight

Azure Marketplace Specific apfps infa multi-
tenant form factor
HDP | CDH | MapR Workload optimized,

managed clusters

BIG DATA
ANALYTICS

Any Hadoop technology

Big Data as-a-service

laaS Hadoop Managed Hadoop

Azure Data Lake Store
Azure Storage

BIG DATA
STORAGE

B Microsoft



R in Hadoop: Options

So¢

H, 0.0l

sparklyr

DeployR,
Remote
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Once process has been tested in
H|gh Level Arch|tecture fes envi

analytics environment, we promote
to operatlonal enwronment.

£ 2 il

SR
# ﬁtlll EEE
> .

Data Scientists
Workstations

L\
Hadogg tluster

[ ; B
1 PR Vo
. 1 \ o - Y
H O,cu ' SN . /
1 Vi \
1 7’ A

_________________________________________________________

From RStudio/RTVS remote to SQL and/or Hadoop Edge /
using DeployR R package

Continue to use local (workstation) for ad-hoc work



Productivity Tools: Microsoft R Client

L =g «  Works with RTVS or RStudio

) cedit ik sriptA
O someomsae & /v An 89 #Souce ~| G E (2ot Datmetr | st
& Goou Ewiorament =

- ¥ Compute centext options

i

# 1. Tocal / Tocal

s *  Speeds up computation locally thanks to MKL
§ o, ° ScaleR PacC ka ge built-in
B TR Rt sttt Wt - i ° R e p ro d U Ci b | e R TO O | |<|t b U | |t_ | N

17 # 3. loca e table

18 rxsetcomputeContaxt("localpar”)
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Power Bl for Data Scientists

Source: R-Scripts R - Plots

Use R as your source for a Data

set in Power BI. .
Use R-plots in Power Bl to

Preform your data preparation visualize your Findings in R.
in R

Make your R-Plot slice-able
Use R models to predict your and run Advanced analytics
out-comes and visualize using over different Datasets easily
Power Bl

Use R to access ML API in
Power BI

R Driven Visuals

Use R Visuals, without knowing
R.

Create your own R-plots for
your specific use case



Productivity Tools: Excel Integration

Book1 - Excel

rmulas Data

BE Show Queries

Mo v _ e ot i femowe  wn Considse et « Allow Excel users to consume

CETIEeE Query're cent Sources anced | Columns  Fill

B o T e your R-based Stored Procedures

. N
T r From Database l-i From SQL Server Database

date - ror ™ Y
17/07/1987 00:00  0.003244825 r From Azure From SQL Server Database

woon 003000t , * Excel users can consume DeployR
19/07/1987 00:00 0.000206629 h From Online Services server database. ices Database We b S e er C e S

20/07/1987 00:00 -0.002254261

.
21/07/1987 00:00 0.001645669 I FemERr e
22/07/1987 00:00 0.001182003
23/07/198700:00  0.00829193
24/07/1987 00:00 0.006623778

([ 25/07/1987 00:00 0.004799232 ; S ¢ NO R prog ram ming knOW|edge
. Bl . ..o T required for the end user

(N 23/07/1987 00:00 -0.002147841 ®. Data Source Settings... From PostgreSQL Database
29/07/1987 00:00 0.005442579 §  Query Options .

30/07/1987 00:00 0.003672413 From Sybase Database
31/07/1987 00:00  0.00459621
01/08/1987 00:00 -0.005164105
02/08/1987 00:00 0.001555035
03/08/1987 00:00 0.004063948
04/08/1987 00:00 -0.001707033
05/08/1987 00:00 -0.003450826 5k i i
06/08/1987 00:00 0.007300325
07/08/1987 00:00 0.000700414
08/08/1987 00:00 0.000391454 -0.015
09/08/1987 00:00 -0.004188352
10/08/1987 00:00 0.000723546
11/08/1987 00:00 -0.000372483
12/08/1987 00:00 -0.001918617
13/08/1987 00:00 0.00540024
14,/08/1987 00:00 -0.005752273

From Oracle Database

.
Combine Queries From |BM DB2 Database

* Analytics self-service across the
organisation

From Teradata Database

[
‘ From SAP HANA Database

-0.02




Productivity Tools: SQL Server Reporting

SQL Server Reporting Services

Y Favorites [1 Browse

*  On-Premise

Home > Simple Example

X Variable | Sepal Length v Y Variable | Sepal Width v Cluster Count 4 o Paglﬂated l’epOr’tS COﬂSumlﬂg R_based SQL
< E Jar> ol O © | e By & I Stored Procedures
Iris K Means Example - Custom branding
A +  Drag-and-drop report authoring via Visual
o ogdee ” . Studio or Report Builder
f‘% o: 3}2: ° oo :oo 3:03:3%: oo e  Real-time pred]ct]on
° 33 %8832.° ¢ % o
e e e * Built-in Alerting




Data Soence trac|<
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Microsoft Protessional Program

A MOOC together with Open Edx \L\I |<

] Free e Book Data Science with SQL Server 2016 A~
1l L 2 3
oo e
Ih" = o s EZzZz .t =4

(s i o — (C) 3 S‘;¥



https://academy.microsoft.com/en-us/professional-program/data-science

m Microsoft

Thank You

The most open platform, ready for production.



L AB 8 — SQL Server + R Services

In this lab you will model the data coming from the New York City taxi trip and fare with SQL Server and MRS.

The data we'll use is a representative sampling of the 2073 New York City taxi trip and fare dataset, which contains
records of more than 173 million individual trips in 2013, including the fares and tip amounts paid for each trip.

To make the data easier and faster to work with for this example, we'll sample it to get just one percent of the data.

You will start creating the SQL context, running a query and ingesting the data.

The modeling task at hand is to predict whether a taxi trip was tipped (a binary, 1 or 0 outcome) based on features
such as distance of the trip, the duration of the trip, number of passengers in the taxi for that trip, and other
factors. Features are columns of data that have a potential relationship to another column, frequently referred to as
the Label or Target—the answer that we are looking for.

The dataset we have contains past information about the trips, the passengers, and other data (features), and it
includes the tip (the label).



LAB 5 — Operationalizing R with AML

In this lab we will explore the functionality of the AzureML R package.
You will learn how to use this package to upload and download datasets to and from AzureML, to interrogate experiments, to
publish R functions as AzureML web services, and to run R data through existing web services and retrieve the output.

The AzureML package provides an interface to publish web services on Microsoft Azure Machine Learning (Azure ML) from
your local R environment.

The main functions in the package cover:

»  Workspace: connect to and manage AzureML workspaces

» Datasets: upload and download datasets to and from AzureML workspaces

» Publish: define a custom function or train a model and publish it as an Azure Web Service
« Consume: use available web services from R in a variety of convenient formats

This lab focuses on small examples rather than trying to solve one particular use case. Therefore, please work through the
examples and exercises.



Lab 7: MRS on HDI Premium (Spark)
1. Import data from CSVs into

Spark DataFrames

. . . Prepare: Ass_emb!e, Model: Uf_;e statistipal Operat_ionalize: Apply
2. Cleaning and manipulating ety oMM mbd Lsieslors asbpon
S pa r|< D ata F ra m e S W|t h relevant to the subject. ;I?;;iiizggnind make business applications
Spark > -2 > 2
3. Exporting Spark DataFrames
to XDF
4. Training models using ScaleR functions in Spark compute
context

5. Deploying models trained on ‘big" data and operationalizing
them in the cloud with Azure ML
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