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Microsoft R Fo8& 1

«  Microsoft R Open
»  Microsoft R Client

« Microsoft R Server...
..for Hadoop, ...for Teradata, ...for Linux (SUSE, Red Hat/CentQOS)

«  Microsoft SQL Server 2016 R Services
« Microsoft R Open in Azure ML
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Miérdsoft R: One Big Data Tool To Rule Them All?
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‘Microsoft R Open’ — a product name almost worth getting T-shirts printed for, were it not grammatically incorrect. Redmond’s big data analytics dream builds one tool to S L H D
rule them all, maybe... Image: Wikipedia
Microsoft mser+075% wants a slice of the big data analytics pie. Truth be told, it has already baked and S erver Insi g htS

served itself up a portion by acquiring the R-language and data crunching specialist Revolution
Analytics, a purchase it completed in spring of 2015.




R + CRAN
8,000+ packages

CRAN Task Views

CRAN Task Views 2re guides to the packages and funcrions useful for cenzin disciplines and methodologies. Many long-term R users I know have 20 ides they exist As an effort 10 make them rore widely known I thought I'd jazz up the index page. Images are free 10 tse. and got from SXC stock photo site. Visual puns are mine Task View links 2o to the cran r-project org site 2ad not 2 mirror

Bayesian Inference

Applied researchers interested in Bayesian
stetistics are increzsingly atwactedto R
because of the ease of which one can code
algorithmy 10 sample . [more]

Chemometrics and
Computational Physics

Chemometrics and computationa! physics
2re concernad with the analysis of data
2rising in chemisery and physics

23 well 23 the simulation

Natural Language
Processing
This CRAN sk view contains a list of

packages useful for natural language
processing  [more]

Clinical Trial Design,
Monitoring, and Analysis

This task view gathers information on
specific R packages for desizn, monitoring
2nd analysis of dat from clinical trials. It
focuses on including [more]

Analysis of Spatial Data

Base R inciudes many functions that can be
used for reading, vizualising, and analysing
spatial datz. The focus in this view is oz
“geogrephical” spatial [more]

Analysis of
Pharmacokinetic Data

The primary goal of pharmacokinatic (PK)
data analysis is to determine the
relationship batween the dosing regimen
2nd the body’s exposure to the drug

2. [more]

Official Statistics & Survey
Methodology

This CRAN task view contains 2 List of
packages that inciudes methods typically
used in official statistics and survey
methodology. Many packages provide
more

Cluster Analysis & Finite
Mixture Models

This CRAN Task View contains 2 list of
pacikages that can be usad for finding
groups in data and modelling unobserved
cross-sectionzl heterogeneity. Many.

Probability Distributions

For most of the classical distributions, base
R provides prodability distribution
functions (p), density functions (d).
quantile fanctions (q). end . [more]

Phylogenetics, Especially
Comparative Methods

The history of life unfolds within 2
phylogenetic context. Comparative
phylogenetic mathods are statistical

for analyzing historical.. [more]

Multivariate Statistics

Base R containg most of the funcrionality
for classical multivariate analysis,
somewhere. There are 2 large number of
peckzges on CRAN which extend this

Computational
Econometrics

Base R ships with 2 lot of functionality
useful for computations! economenics, in
particular in the stats package. This
functionality is complemented by many.
[more]

Analysis of Ecological and
Environmental Data
This Task View contains information about

using R 10 analyse ecological and
environmental data . [more]

Design of Experiments
(DoE) & Analysis of
Experimental Data

This task view collects information on R
packages for experimental design and
analysis of data from experiments. Ple2se
feel free to suggest enhancements,  [more]

Empirical Finance

This CRAN Task View contzins 2 listof
packages useful for empirical work in
Finance, grouped by topic... [more!

Statistical Genetics

Great advances have been made in the feld
of genetic analysis over the last years. The

availability of millions of single nucleotide
(SNPs).. [more]

Survival Analysis

Survival analysis, 2lso called event history
analyyis in social science, or relizbility

Source: http://www.maths.lancs.ac.uk/~rowlings/R/TaskViews/

Time Series Analysis

Base R ships with 2 lot of functionality
useful for time series, in particular in the
stats peckage Thisis by

Robust Statistical Methods

Robust (or “resistant”) methods for
statistics modelling have been 2vailable in
S from the stare, in R in package stats (e
median(), mean(®, trim = _ ), [more|

Optimization and
Mathematical
Programming

This CRAN ik view contzins 2 list of
packages which offer facilities for solving

optimization problems. Although every
regression modal in statistics _[more]

Machine Learning &
Statistical Learning

Several 2dd-on packages implement ideas
and methods developad 2t the borderline
‘between computer science and statistics -
this Seld of research i usually. [more]

Graphic Displays &
Dynamic Graphics &
Graphic Devices &
Visualization

R is rich with facilities for creating and
developing interesting graphics Bae R

many packages on CRAN, which are
Imore]

Statistics for the Social
Sciences

Social scientists use 2 wide range of
statistical methods. To make the burden
carried by this task view lighter, I have
suppressed detadl in some 2reas that
[more

contains ty for many plot types
including coplots, mosaic. [more]

High-Performance and
Parallel Computing with R

This CRAN task view contains a kst of
packages. grouped by topic. that are useful

Medical Image Analysis

This sk view is for input, outpue, 2nd
analysis of medical imaging files. [mor:

for high. G20)
with R In this context, we are.[more]

gRaphical Models in R

Wikipediz defines 2 graphical model2s 2
graph that represents independencies
among random variables by 2 graph in
which e2ch node is 2 random variable,
and. [more]

Reproducible Research

The goa! of reproducidle research i3 to tie
spacific instructions to data 2nalysis and
experimental data so that scholarship can
be recreated, better [more]

r a- !

Psychometric Models and
Methods

Psychometrics is concerned with the desizn
and analyyis of research and the
of human
Psychometricians have 2lso worked.
fzore]



http://www.maths.lancs.ac.uk/~rowlings/R/TaskViews/

Microsoft R Server

R+CRAN
* Open source R interpreter
*R3.1.2

R Tools for Visual Studio
» State of the art, R Tools for Visual Studio IDE

R OpenN\\MicrosoftR Server

* Freely-available huge range of R
algorithms

« Algorithms callable by RevoR
* Embeddable in R scripts

* 100% Compatible with existing R scripts,
functions and packages

N -

ScaleR @

Microsoft R Open

* Based on open source R

* High-performance math library
to speed up linear algebra
functions

» Checkpoint package to easily
share R code and replicate
results using specific R
package versions
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DistributedR 1

ScaleR

* Ready-to-Use high-performance
big data big analytics
« Fully-parallelized analytics
+ Data prep & data distillation
* Descriptive statistics & statistical tests
* Range of predictive functions

* User tools for distributing customized R algorithms
across nodes

* Wide data sets supported — thousands of variables

DeployR
» RESTful APIs for easy

integration from Java,
JavaScript, .NET

* Enterprise authentication &
security

* Horizontal scaling

— ConnectR

* High-speed & direct
connectors

Available for:
* High-performance XDF

» SAS, SPSS, delimited & fixed
format text data files

* Hadoop HDFS (text & XDF)
» Teradata Database & Aster
* EDWs and ADWs

* ODBC

DistributedR

* Distributed computing framework
* Delivers cross-platform portability



Microsoft R Server

«  Windows

—g Cloud « Linux
+ HDInsight

« Hortonworks

—@ Hadoop & Spark »  Cloudera
* MapR

« SQL Server 2016
=
DeployR
« SQL Server 2016 EE

ScaleR

R Server Technology J

R+CRAN
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Hadoop + Spark + R . =



Microsoft Hadoop AR %
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Hadoop Distributions running in Azure VMs

. | cloudera

=

FiE Local (HDFS) or Cloud (Azure Blob/Azure Data Lake Store)




HDInsight FFEAIFEAZE
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Stream

(Storm)

Java

Map Real Time Engine
Reduce
Engine

YARN: Data Operating System

HDES Storage
(Azure Storage/Azure Data Lake Store)




~HDINsightFg £ 5

‘R Server

Cluster configuration

* Cluster Type @ * Operating System

v | Linux

| R Server

* Cluster Tier @

STANDARD Rau=WlIviE|

R Server : Terabyte-scale, enterprise grade R analytics with transparent parallelization on top

of Spark and Hadoop.

Configuration Options:

s R Server 9.0.0 on Spark 2.0.0 with Java 8
s R Server 80.5 on Spark 1.6.2 with Java 7

Adds $0.02 per Core-Hour.

Features

* Werzion

R Server 3.0 (HDI3.5) w

* denotes preview feature

Available

+'| R Studio community edition for R Server + Apache Rang
+ Secure shell (55H) access

+ HDInsight applications + Ren

+ Custom wvirtual network

+ Custom Hive metastore

+ Custom Qozie metastore

+ Data Lake Store access

Not available

g RINLar
Spqﬁg

Cluster configuration

h)
/

* Cluster Type @ * Operating System

Spark v

* Cluster Tier @

STANDARD Ra=llNE

* Version

Spark 2.0.1 (HD1 3.5)

Spark : Fast data analytics and cluster computing using in-memery processing.

Features

* denotes preview feature

Ranger® (PREMIUM) @

Available Mot available
+ Secure shell (55H) access + Apache
+ HDInsight applications + Domain
+ Custom virtual network + Remote

+ Custom Hive metastore

+ Custom Cozie metastore

+ Data Lake Store access

RY VAPAN




Spark clusters in Azure HDInsight

Spark
Streaming

HDlInsight cluster - A collection of compute resources for running jobs

Master node Worker node Wﬂrl-..c-r node Worker node
1 Z ]

Read job metadata and business data

@ Save job cutput data

WASE - An implementation of HDFS on Azure Blob Storage

Default Container Container Container
Container 1 2 n




R Server on HDInsight




HDInsight cluster - R Server 2874

- O >

e ‘%' https://ms.portal.azure.com/4cre © - @ & @ Cluster Type configuration ...

Cluster Type configuration Report bug

Mario Inchiosa
MICROSOFT

New HDInsight Cluster Cluster Type configuration

Learn about HDInsight and cluster versicns,

Resource groups

All resources * Cluster Name

3 Cluster Type @ Operating System Version
marinch101 v !
Recent R Server on Spark ~ Spark 1.6.0 (HD1 3.4) w
.azurehdinsight.net | P | m P
App Services * Subscription Cluster Tier (more info)

>

IMML R Engineering 2_698239 M
SOL databases

e == Administration

* Select Cluster T}fpe [i ] —_— = Manage, monitor, connect

Virtual machines (classic) q - Scalabili
premium spark on linux (3.4) i 7 Dn_demagmcem”ng
oy
Virtual machines * Credentials N R Server on Spark is > g?t?-.:: sLA
- - Premium on|
) ) Configure required settings by Fﬁ Automatic patching
Cloud services (classic)
BN Microsoft R Server

* Data Source @ 3 [ ] for HDInsight

Subscriptions .
P marinch101 (East US 2)
+ 0.02

HDInsight Clusters * Node Pricing Tiers

Please configure required setfings
Browse >

Pin to dashboard

Create
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All settings =

Add tiles &)

} Scale Cluster

Settings

SUPPORT & TROUBLESHOOTING

Audit logs
- g

GETTING STARTED

dd Quick Start

CONFIGURATION
Cluster Login
7 Scale Cluster
Secure Shell

24 HDInsight Partner

Mario Inchiosa
MICROSOFT

i~ _ Scale Cluster

@ Number of Worker nodes

Worker Modes Pricing Tier
D4 (4 nodes, 32 cores)

Head Mode Pricing Tier
D4 (2 nodes, 16 cores)

WORKER NODES 1.24 x4 = 497
HEAD NODES 1.24x2 = 249
TOTAL COST T.46

USD/HOUR (ESTIMATED)
184 of 3400 cores would be used in West LS.

This price estimate does not include storage




5 R

mydata <- read.csv('http://www.ats.ucla.edu/stat/data/binary.csv”)

mylogit <- glm(admit ~ gre + gpa + rank, data = mydata,
family = "binomial")



R Server

mydata <- RxTextData(‘“/data/binary.csv”, fileSystem = hdfsFS)

mylogit <- rxLogit(admit ~ gre + gpa + rank, data = mydata)



Y v

R Server 3L Spark SEELFFAT A

VIt & B
rxSetComputeContext( RxSpark(..) )

mydata <- RxTextData(‘“/data/binary.csv”, fileSystem = hdfsFS)

4

mylogit <- rxLogit(admit ~ gre + gpa + rank, data = mydata)



Yarin

R Server i MapReduce SEIMFAT I

UL S e
rxSetComputeContext( RxHadoopMR(..) )

mydata <- RxTextData(‘“/data/binary.csv”, fileSystem = hdfsFS)

mylogit <- rxLogit(admit ~ gre + gpa + rank, data = mydata)

B Spark THAEE L Map Reduce 1 3-7 fi%




7E R Server 1§ F SparkR

HHHH T
# Join airline data with weather at Origin Airport
HHHH T

joinedDF <- SparkR::join(

airDF,

weatherDF,

airDF$0riginAirportID == weatherDF$AirportID &
airDF$Year == weatherDF$AdjustedYear &
airDF$Month == weatherDF$AdjustedMonth &
airDF$DayofMonth == weatherDF$AdjustedDay &
airDF$CRSDepTime == weatherDF$AdjustedHour,

joinType = "left_ outer”
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HHEHHH R
# Train and Test a Decision Tree model

HEHAHFH G HHH R
# Train using the scalable rxDTree function

dTreeModel <- rxDTree(formula, data = trainDS,
maxDepth = 6, pruneCp = "auto")

# Test using the scalable rxPredict function

rxPredict(dTreeModel, data = testDS, outData = treePredict,
extraVarsToWrite = c("ArrDell5"), overwrite = TRUE)




X An Web Service

T
# Publish the scoring function as a web service
e e e e e e e e e e e R ke

library(AzureML)
workspace <- workspace(config = "azureml-settings.json")

endpoint <- publishWebService(workspace, scoringFn,
name="Delay Prediction Service",
inputSchema = exampleDF)

HHHHH

# Score new data via the web service
HHH S S

scores <- consume(endpoint, dataToBeScored)



R Server on Spark —

Logistic Regression (executing models)

Elapsed time

R R ——
~— —o- # o - o T -
-— ——

1 2 5 10 20 50 100 200 400

Number of rows (million)

= EHE. S gETE

=—o— MRS on Spark

—e—SparkR
sparklyr

—e—CRAN_R

Configuration:

» HDI cluster size: 7 nodes

* 1 Edge Node: 8 cores, 28GB

- 4 Worker Nodes: 8 cores,
28GB

+ Dataset: Duplicated Airlines
data (.csv)

* Number of columns: 26
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F&3EIREY — User-User Collaborative Filtering

Training rating matrix

Training data

Product Amount

ESTEE LAUDER
COACH
CHANEL

LANCOME
DIOR

Scoring data

Product Amount
CHANEL 12.53
DIOR 84.61
SK-Il 1.08
DIOR 44,78
ESTEE LAUDER 208.11

User COACH |
gosd || 3|
s | 1|

| | |

o e

Usage - Ratings
Rating system = g stars

Bucket training usage
data into g quantiles for
each product

Then bucket the scoring
data using the same
cutoffs

‘User COACH
[ e |
[ [ 4

L

DIOR
1 | :
Sl Expected rating

- i calculator

Specify k nearest neighbors
and do a similarity weighted
average for each product, e.g.

Distance calculator

Calculate distance
between every
scoring user and
every training user

For each customer,
DIOR pick the N highest
1 scoring products not
currently used



HEE

Product Amount

CHANEL 40.28

- ‘M v
o “’ "\ e .
DIOR 1047 JA(QR S"‘ ey d :
2 a@ VY ‘/?- \ i ‘ Analytics
SK-I 431 S @ N B . A — l & Insights
O\ S VW B ( e
DIOR 507.40 NS N LR Y \e
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ZIBER MM

Scoring Scormg
data 1 [cenfvgf

Training ,Traihmg’ Scored
data 1 Iconﬁg‘l[ Mode| 1 [2€0MNG Scoring

Model 2% . config 2 Model
1 scoring Scored

Model 1

Training Trammg building
data 2 [config 2 web Model 2 [2C0OMNG Scoring web data 2

; data 2 |config 2 :
service | service

Model 2

Scoring | Seoring | Scored
Model m Edata " EORfiGIN
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IBM
Source: HighCloud MIA Solution on Azure ML, Microsoft Ignite China 2016 Lenovo

NEC

Samsung

Sony

68 56 24 11
63 56 24 11 |

Building Sales Price Index |
Consumer Confidence Index
Consumer Expectation Index

Consumer Price Index
Consumer Satisfaction Index | ———
Exchange Rate
GDFP ##2 282 S52 258 RER REE SRS U82 BEF BES BR2 582 E8Y RER RS 882 2R £88 peR
Gross Industrial QUIpUL VaIUE & FR% Siie wire il e SR WA WO AR IR R RIRY WA W e R me e
Interast Rate (benchmark cne-year deposit rates)
Real Interest Rates
Shanghai Stock Exchange Composite index _High 2
Shanghai Stock Exchange Composite Index _Low 1
Total Retail Sales of Consumer Goods #e#
Magazine 8
Newspaper 6
™
Magazine 10 14 25 23 23 26 61 16 16 9 9102 10 30 14
Newspaper 103 135 115 47 142360 270 376 4565 256 179229 209 82 43 81
vV 9 3 4 273 www wow 976 587 18 20 17 27 37
Magazine
Newspaper
v
Magazine
Newspaper

Magazine
Newspaper

v
Magazine 18 81 18 7
Newspaper 27 17 1 4 § 5 &5 93 3 9 :

TV P ‘I_ ——
Magazine 43 27
Newspaper 7 16 14 14 27 14
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Recommended Channel by Day and Time

Lead ID 4. Campaign Name Product Recommended Channel Recommended Day Recommended Time Conv Probability ~
000311ac-7Th4za-cb&0-6d72-9653de0as..  Happiness insured H1 Email Saturday Morning 25.60 %
00037b5d-7a7b-1392-28¢cf-299347c30... = Know Money LTC3 Cold Calling Friday Evening 16.20 %
000473a7-1094-56ce-2b9b-ba%e3d63...  Happiness insured H1 Email Saturday Morning 18.60 %
00050e64-6734-69f3-0e2d-aebe101cc..  Mew dawn D3 Email Saturday Afternoon 17.80 %
0005277e-a862-66e2-91cb-da02c8861...  New dawn D3 SMS Thursday Maorning 17.20 %
00053243-48dd-7378-f565-98183b156...  Protect your future D2 Cold Calling Saturday Morning 16.20% Vv

Leads by Channel,Day of Week & Time of §

Leads by Channel Leads by Day of Week Leads by Time of Day
SMS (14%) a 50K H9K
Cold Calling T ook =
R | -
S am SE tig
'___'5'."“ & 4}'—"‘-‘ ’ . E&,‘-“z. ! W= o QK
Email (54%) b Maorning Evening Afternoan
Day of Week Time of Day
Leads by Demographic Parameters Top Recommended Combinations

Leads by Channel and Age group Leads by Channel and Income Bucket Recommended Channel | Recommended Day Recommended Time | Count of Lead ... ™
®Cold Calling @Email © 5SMS ®Cold Calling @Email = SMS Email Saturday Morning 27685
100% 100% Cold Calling Saturday Morning 13904
Email Saturday Evening 10207
- Email Friday Morning BOS6
50% SMS Saturday Morning 5742
Cold Calling Saturday Evening 5572
bl Cold Calling Friday Morning 4181
0%

Email Friday Evening 3187~
€ >

Middle Age Seniocr

tizen Young
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Leads and Conversions by Channel

Channel Countoflead ID ¥ Conv... ¥ % Converts
Email 56058 | 2439 4 % 20
Cold Calling 30373 2041 7%
SMS 13569 1511 11 % } 0%
2\ 3 Morning Evening Afternoon
®Coun: of Lead ID @3 Converts ®Count of Lead ID @3 Converts
Leads and Conversion Rates by Regions Top Conversion Rates by Targeting Combinations
Channel Day of Week | Time of Day = Count of Lead ID | % Converts R
Cold Calling = Sunday | Morning 16 88 %
SMS Monday | Afternoon 15 87 %
Cold Calling = Monday | Afternoon 10 80 %
Cold Calling = Sunday | Evening 15 80 %
k @ SMS Sunday | Morning 15 80 %
. Email Sunday | Evening 19 79 %
R Gulife Email Tuesday | Afternoon 33| 79% v

Main

o
O

v Leads and Conversion rates by Demographic Parameters

Leads and Conversion Rates by Age Group Leads and Conversion Rates by Income
40K
50K
I/. :C\
Middle Age Senior Young
< Nassau ) - éin:;n =

Gulf of Mexico

b 9 € 2018 HEH2VARY 018 Mcosoft Coporaton @Count of Lead ID @% Converts @Count of Lead ID @% Converts
nACVI;,A
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Hadoop + Spark + R
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Hadoop, R and Spark are better together

Performance, Scalability are critical
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