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4V's of Big Data
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Three Experts in Big Data

nHadoop (E4HI2X2])
noMapReduce (24 £ 1123 p )
@Java / Python / Ruby
a®NoSQL, DB

a@Apache Spark

nCfofE] 1fet - M
o7|Agts, oto]d 7|
nelf|0|E{ B : R/SAS
nb|0|E{ Visualization

nols, 2l=A 2|
aCluster Management

a®Cluster Performance
aVirtualization
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L eaders in Big Data

Top Hadoop/Big Data tools were
« Hadoop, 18.4% share (507 votes)

Deep Learning Tools Spark, 11.3% (311)
New this year was a category of Deep Learnir Hive, 10.2% (282)

Pylearn2 (55 users) SQL on Hadoop tools, 7.2% (198)
Theano (50) Pig, 5.4% (150)

Caffe (29) HBase, 4.6% (127)
Cuda-convnet (17) Other Hadoop/HDFS-based tools, 4.5% (125)
Deeplearning4j (12) MLIib, 3.3% (91)
Torch (27) Mahout, 2.8% (76)
Datameer, 0.8% (23)

http://www.kdnuggets.com/2015/05/poll-r-rapidminer-python-big-data-spark.html
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L eaders in Big Data (cont)

Top Analytics, Data Mining, Data
Science softwareused, 2015

_RapidMiner

SQL
Python
Excel
KNIME
Hadoop
Tableau
SAS base
Spark




Collecting Processing Analysis Visualization
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nUnsupervised Learning
nSocial Media analytics
nSentiment analysis
noPredictive modeling
nVisualization
nSimulation




Case in Big Data
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Does this Data Scientist exist in the world?

o7l OAFAELIE Program
o R XDE
x| &X1S o= 1L
oZ|Xs oXlasts o= 12{YR0] DB SQL/NoSQL

(Python) aMapReduce
oS HEEESI(R) sHadoop-Hive/

— ;: Dicr
' Visualization
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Supervised Learnlng (cont.)
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Neural Output

o Artificial Neural Network S :
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is age > 9.5?
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Sentiment Analysis
o Opinion Mining 2u|L|21 O}0|Ld
How Twitter Feels About the 2016 Election Candidates

—— Donald Trump

—— Ted Cruz
—— Hillary Clinton
—— Bernie Sanders
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TW|tter mlnlng with R

#R=Twitte with R
Sy .getloc 1 () # et default

rary(twitteR) #install.packages
ibrary(RCurl) #install.packages
ibrary(ROAuth) #install.packages
ibrary(base64enc) #install.packages

("twitteR")
("RCurl™)
("ROAuth™)
("baseb4enc")
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[[96]]
[1] "eejongho: RT @nalm: 52[0|C|0{, HOHO|f FH7|z HE S=FEMU|A QE https:

L[97]]
[1] "TheCatcherNews: &= d%F7 2lg YOO MYEES 7|27] s LIMSLICH https://t.c
://t.co/XobcdF88CE"

[[98]]
[1] "3RMarketO: [1E] ‘A’

: 288 £ U= Yol 'ASH/\nhttps://t.co/Un7g3F
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http://r-project.org
http://rstudio.com
http://apps.twitter.com

Social Media Analytic
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Social Media Analytic with Google Analytics

http://analytics.google.com
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http://analytics.google.com

My webpages : Google analytics

«d Google Analytics
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My webpages : Google analytics (cont)

wex BE | A
2 of #7171 8= o MM o Hpe
29 ANIE BB HE HAYHY ally N v MEF MM % i GEA

57 63.16% 36

a gl ", ) 70 200 ) y A D70
) ) f ) 1 ) | ) .- } o)

A 9E vs. HEE o 85) 19.42%) (145
United Kingdom AMEE % e B 1. Apple iPhone 28 (49.12%) 50.00% 14 (388
M4: 28 : xF01E :
2. Samsung SM-N916K Galaxy Note 4 3 (5.26%) 33.33% 1 (278

a 3. Microsoft Xbox One 2 (3.51%) 100.00% 2 (5.56

B 4. Samsung SHV-E300K Galaxy S IV 2 (3.51%) 50.00% 1 (2.7¢8

Samsung SHV-E330S Galaxy S |V 2 (3.51%) 100.00% 2 (5.56

Samsung SM-GS00K Galaxy S5 2 (3.51%) 50.00% 1 (2.78

Samsung SM-G920L Galaxy S6 2 (3.51%) 50.00% 1 (278

Samsung SM-N910S Galaxy Note 4 2 (3.51%) 50.00% 1 (2.78

Samsung SM-N920S Galaxy Note 5 2 (3.51%) 100.00% 2 (5.56

(not set) 1 (1.75%) 100.00% 1 (2.7¢



Big Data & R

1\1 ) ggplot2, googleVus TR LT EEE T car, randomforest |

@) plyr, data.table | P g Ordinal Regression RMiner, CoreLeam

p— i re Analysis e - .

\3D L ESIORETEATINEL TSN MissForest, MissMDA M d I M d I 3 Caret, BigRF
e [ Nodeling odeling g e |

Useful Librari
@) Outlier Detection Outliers, EVIR Sta g e se u ] I ra r I es St a g e e Clustering CBA, RankCluster
@. Feature Selection Features, RRF | § forecast, LTSA |
@. DT EHEGLGELTHG M FactoMineR, CCP | * 7 qm survival, Basta |

1 LSMeans, Comparison
(3 [ AT BinomTools, DAIM
(. [ITETTIITETI clustEval, SigClust

Other Libraries

A. Improve performance Rcpp,parallel B. Work with web XML, jasonlite, httr C. Report results shiny, RMarkdown
D. Text Mining tm, twitteR E. Database sqldf, RODBC, RMongo F. Miscellaneous swirl, reshape2, qcc

Analytics Vidhya

Learn Everything About Analytics




Big data with R ggplot20)

Eﬁﬂiﬁgt—éﬁ.pei(_:kages(“ggmap '); Install.packages("ggplot2")
library(ggplot2); library(ggmap)

maptype=c("terrain”, "terrain-background", "satellite",

"roadmap”, "hybrid", "toner", "watercolor", "terrain-labels”, "terrain-lines”,
"toner-2010", "toner-2011", "toner-background”, "toner-hybrid",
"toner-labels”, "toner-lines”, "toner-lite")

uni_seoul <- read.csv("M= 117l Ciisf.csv", header=T)
seoul <- get_map("seoul", zoom=11, maptype = "roadmap")

seoul_map <- ggmap(seoul)

'seoul_map <- seoul_map + geom_jitter( data=uni_seoul, aes(x=4x, y=2l&, size = St4i=~ color=8tu®)) +
scale_size(name="el"d")

seoul_map + geom_text(data=uni_seoul, aes(x = &, y = &, label=2t1H), size=3,col="blue")

uni_daejeon <- read.csv("CH™ 57l CHef.csv", header=T)
daejeon <- get_map("daejeon”, zoom=12, maptype = "roadmap")

daejeon_map <- ggmap(daejeon)
daejeon_map <- daejeon_map + geom_jitter( data=uni_daejeon, aes(x=8L, y=2I, size = e}l color=2f 1 H)) +
scale_size(name="8Fdi=")
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Big data with R lattice()

Heavy metals (top soil), ppm

cadmium copper
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Still going:- -

R-bloggers

Hh= Algh: wolfpack_HNU

B3 2= Al R-bloggers

[R-bloggers] R, Yelp and the Search for Good Indian Food - An Open Course (and 6 more aRticles)

[R-bloggers] R, Yelp and the Search for Good Indian Food — An Open Course (and 6 more aRticles)

R, Yelp and the Search for Good Indian Food — An Open Course

Using Microsoft R Server on a single machine for experiments with 600 million taxi rides.
githubinstall: New R Package for Easy to Install R Packages on GitHub

My knitr LaTeX template: manuscript and supplement interleaved in one source file

R Hero saves Backup City with archivist and GitHub

Le Monde puzzle [#965]

R holds top ranking in KDnuggets software poll

R, Yelp and the Search for Good Indian Food — An Open Course
Posted: 14 Jun 2016 03:09 PM PDT

(This article was first published on DataCamp Blog, and kindly contributed to R-bloggers)

New Free Course by Springboard and DataCamp

Are all Yelp restaurant reviews created equal? Should we place greater trust in reviews made by people who know the cuisine well? How about reviews of e

Play Course!

This free interactive tutorial will walk you through importing data, data manipulation, and data visualization. More importantly, it will teach you how to “cut th
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