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3L ¥ T -CRM, ERP, 3k 3, 0 5k, Fh T

e Traditional enterprse data — includes customer information from CRM systems,

transactional ERP data, web store transactions, and general ledger data.

BEAZ TR Bed, pahied, FETHR B RLE
TEHUESE F FRMFTH

¢ Machine-generated /sensor data — includes Call Detail Records (“CDR”), weblogs,

smart meters, manufacturing sensors, equipment logs (often referred to as digital
exhaust), trading systems data.

At 2 e zk T -Facebook, Twitter, Blog, Forum, Google
® Social data — includes customer feedback streams, micro-blogging sites like Twitter,

social media platforms like Facebook
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#3Fs (Open Data)
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B3k (Open Data)
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B4 (Open Data)
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B4 (Open Data)
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Volume. llaclmle—genemted data is prcrduced in much larger quantities than non-

traditional data. For instance, a single jet engine can generate 10TB of data in 30
munutes. With more than 25,000 aihine thights per day, the daily volume of just thus
single data source runs into the Petabytes. Smart meters and heavy industnal equipment

like o1l refineries and dolling rigs generate simuilar data volumes, compounding the

problem. VOI Ume( _.F.' ‘E_ )

’i.-’elncirjr. Social media data streams — while not as massive as Illachjne—generated data —
pJ‘.’DdHCE‘ 3 lﬂrge mnflux of r.::rpiui-::ns and Ielﬂtiﬂnshjps valuable to customer relatir:mshjp
management. Even at 140 characters per tweet, the high velocity (or frequency) of

Twitter data ensures large volumes (over 8 TB per day). Ve|OCIty( 'P’\‘i )

Variety. Traditional data formats tend to be relatively well defined by a data schema and
change slowly. In contrast, non-traditional data formats exlubit a dizzying rate of
change. As new services are added, new sensors deployed, or new marketing campaigns

executed, new data types are needed to capture the resultant 111t011113t1011

Variety( % #)
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Value( i

® Value. The economic value of different data vares significantly. Typically there is good
information hidden amongst a larger body of non-traditional data; the challenge 1s

identitying what 1s valuable and then transforming and extracting that data for analysis.
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Job Trends from Indeed.com
— R FED"I"ARI"H R*I"E N® Itoys lkids 1" E Walgreen" Iwalmar "HVAC B" I"E Barcl® and (
— Python and ("big clata” or "statistical analysis" or "data mining" or "data anahtics" or "mack
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Popularity Rankings
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General
Languages for data analysis used in 2014 (KDnuggets
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http://www.r-project.org

R http:/ v r-project.org/

£ ~ & || ‘R R: The R Praject for Statist._. *

E[E) BRNV) RNEEA IEM HEH

The R Project for Statistical Computing

Getting Started

iomel R is a free software environment for statistical computing and graphics. It compiles and runs on a wide
Download variety of UNIX platforms, Windows and MacOS. To:
CRAN mirror.
TEEEE(C) » ProgramFiles » R » R-320 » bin » x84 w4 =
A ZH i CEE: - El )
7 open 2015/4/17 F50.. ERE 16 KB
% R.dll 2015/4/17 FF 0. EHEIER 25,211 KB
Rr 2015/4/17 T 0. EHEDS 39 KB
/%) Rblas.dll 2015/4M17 FF 0. EHEIER 336 KB
R Remd 2015/4/17 T 0.. EREED 39 KB
R rfe 2015/4/17 T 0.. EREED 23 KB
\%| Rgraphapp.dll 2015/4/17 T 0.. EREIER 369 KB
'R Roui 2015/4/17 T 0.. EAE 22 KB
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B =®E B

SIRIEIEN =]
= R R Console
oo IR BHP S B

pr—

R data sets L «
5 OUSLI LI 1IJIl I.'U.'.'ﬁJ.Ll'-'_'J. ]
Yt eaverl ([(beavers) Body Temperature 5
SE eaverdZ (beavers) Body Temperature f :
oolcaEs Speed and Stoppinggl
Slehickwes Chicken Weights byfs
= R scoson ol
crimtalb
oo - § AER
discover °
jDeaths) Mo CO — 3 | ¢
Fresnph
euro Conversion Rates o [=I gwmgﬁy(| | |
T T v) greurn.crnss {euro) Conversion Rate=s o E M ?RE
_reeny;y :.reeny} . ) Tleurodist Distances Between European Cities and
infert S Tn -
—— ].r].S 5' 1;,. Between US Cities
Ed|__. i
——— 3 E faithful Cld Faithful Geyser Data
?ris 4 a.|fdeaths (URLungDeaths)
LTSLERGS . Monthly Deaths from Lung Diseases in the
ldeaths (UEKLungDeaths) Mo - -
1h Luteinizing Hormone in Blood Samples
longley Longley's Economic Regression Data
lynx Anmual Canadian Lynx trappings 1821-1534
mdeaths [(UELungDeaths) Monthly Deaths from Lung Diseases in the UK
morle Michel=zon Speed of Light Data
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> head{iris, 5) iris E TREDe H & *‘}J

Sepal.Length Sepal.Width Petal.Length Petal Width Species
1 .1 3.2 1.4 0.2 =etosa
P 4.9 3.0 1.4 0.2 =etosa
3 4.7 3.2 1.3 0.2 =etosa
4 4.6 3.1 1.5 0.2 =etosa
o =.0 3.6 1.4 0.2 =etosa
> tail(iri=,5) irs :E‘t' f&ﬁ? 5 _/i;?:,

Sepal.Length Sepal.Width Petal.Length Petal.Width Species

146 8.7 3.0 o2 2.3 virginica
147 6.3 2.5 =.0 1.9 wvirginica
148 6.2 3.0 S.2 2.0 virginica
1445 8.2 3.4 .4 2.3 virginica
150 .9 3.0 o.1 1.8 wvirginica
> mean (Sepal.Length) ?’5%‘“5« &’I fjfﬁ
[1] S5.E843333
> war (Sepal.Length) ?—:“?’E‘ )i %.ﬁ gt attaCh(iriS) 1
[1] 0.86E56835 R B
> s3d(3epal.Length) v 5 3 &’Fﬁ‘—iﬁé_
[1] 0.8280661
>

:J—D%fi A ga:
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Bx HE T Bt BIiEnr K5 ®#D
EERDRERRE
ﬁ
> summary (iris=s) iI’iS ?F;},i%j?_ﬁ ?F’%l

Sepal .Length Sepal . Width Petal.Length Petal .Width Species
Min. 4,300 Min. :2.000 Min. :1.000 HMin. :0.100 setosa 50
1=t Om.:5.100 1=t m.:2.800 1=t Qm.:1.600 1=t Cm.:0.300 versicolor: S0
Median :5.200 Median :3.000 Median :4.350 Median :1.300 virginica :50
Mean 15,843 Mean :3.0587 Mean :3.758 Mean :1.1949
3rd Qu.:6.400 3rd Qu.:3.300 3rd Qu.:5.100 3rd Qu.:1.800
Max. :7.900 Max. :4.400 Ma=. t6.900 Max. 1 2.500

> dim({iri=s)
[1] 1540 S
SHEALENE

TERR: LR, Fle il ¢ indk T5E, $F3vihidk RALR

R
4¥
ok
I
H
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R i+ 471 &

¥ 7 05

R R Console

> attach(iris)
The following objects are masked from iri=s (pos = 3):

Petal.Length, Petal.Width, Sepal.lLength, Sepal.Width, Species
The following objects are masked from iri=s (pos = 4):

Petal.Length, Petal.Width, Sepal.lLength, Sepal.Width, Species
The following objects are masked from iris (pos = 5):

Petal.Length, Petal.Width, Sepal.lLength, Sepal.Width, Species

T

> plot (Sepal.lLength[Species=="zeto=za"], Petal.length[Species=="getoza"],

+ pch=1, col="black", xlim=c(4,8), vlim=c(0,8), main="sepal length for iris =setosa",
+ xlab="Sepallen", ylab="Petallen")

r

¥

¥

i
z‘"\

FetalLer W

R R Graphics: Device 2 (ACTIV... [ = | & |3

B8

sepal length for iris setosa

| odhBe,

| | |
6 7 §

Sepall ‘{i‘?.ﬁ; )i

> plot(Sepal.Length[Species=="setosa"], Petal.Length[Species=="setosa"],

" 4

+ pch=1, col="black", xlim=c(4,8), ylim=c(0,8), main="sepal length for iris setosa",

+ xlab="SepallLen", ylab="PetalLen")

AET Zf

{ SN
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R ri~H1E-F &7 06

> plot(Sepal.Length[Species=="setosa"], Petal.Length[Species=="setosa"],

+ pch=1, col="black", xlim=c(4,8), ylim=c(0,8), main="sepal length for iris setosa",
+ xlab="SepalLen", ylab="PetalLen")

> points(Sepal.Length[Species=="virginica"],Petal.Length[Species== "virginica"],

+ ,pch=3,col="green")

> points(Sepal.Length[Species=="versicolor"],Petal.Length[Species== "versicolor"],
+ ,pch=2,col="red")

> legend(4,8,legend=c("setosa","versicolor","virginica"),col=c(1,2,3), pch=c(1,2,3))

R R Console R R Graphics: Device 2 (ACTIVE) o[- =[]
> plot (Sepal.lLength[Species=="seto=za"], Petal.Length[Species=="szeto=a"], Sepal Iength for iris setosa
+ pch=1l, col="black", =xlim=c(4,3), vlim=c(0,8), main="sepal length for iri=s =eto=a",

+ xlab="Sepallen", ylab="Petallen™)

> o

> points (Sepal.length[Speciea=="virginica™],Petal.length[Species== "wvirginice: o setosa

* rpoh=3, col=tgreent) TE%-&? 2 versicolor =

” %o |+ virginica -;f" +F
> points(Sepal.length[Species=="verszicolor"],Petal.lLength[S5pecies== "versicolor"],

+ ,pch=2,col="red") C

> o +

> legend(4,8,legend=c("zetoza", "verzicolor", "virginica™),col=c(1l,2,3), pch=c(l,2,3)) E = — iy {; P

> ] ‘@A

- 0

>

> o

>

>

> O —

> I I I I I
:’ 4 5 6 7 8

epallLen ?E—%éfg
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Metherlands (Utrecht)
Mew Zealand
Morway

Fhilippines

Poland

Portugal

Fussia

Singapaore

Slowvakia

South Africa (Johannesburg)
Spain (A& Coruna)
Spain (Madrid)
Sweden

Switzerland

Taiwan (Chungli)
Taiwan (Taipei)

BE | |

normtest
norrwhn.test
MORRRM
MORTARA
nose

notifyR
nowekb
Mozzle R1

np
nparcomp
nparlLD
MPBayeslmpute
npbr

MPC

MECD

~
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R s 58 5 =20 2324 8z &
HEEIBRRRIEIE

> shapiro.test (Sepal.Length) A2 A= N 2L .
¥ A T iR R

Shapiro-Wilk normality test =

> ad.te=st (Sepal.lLength)

data: Sepal.Length
W = 0.97609, p-value = 0.01018

Anderson-Darling normality test

> library(nortest)
IYor 1in ibrary(nortctes there is no data- Sepal_Length

> utils:::menuInstallPkgS() L = D.BBEE; p—"i?’Elll.‘.lE = 0.02251
-—-— Please select a CRAN mirror for use

-—-— Please select a CRAN mirror for use
=& URL 'nttp://cran.csie.ntu.edu.tw/b:

Content type 'application/zip' length 3{
downloaded 29 KB Shapiro-Wilk normality test

> shapiro.test (Sepal.Length)

package ‘nortest’ successfully unpacked|jata: Sepal.Length

) ) W= 0.976089, p-value = 0.01018
The downloaded binary packages are in

1\Temy
> library(nortest) =

S E T EpE Page 28



R s +71 E-48:2 5 (1

M B3P & 7 (Association Rules)

> library({arules)
";a'Errur in library({arule=s) : there i=s no package called ‘arules”
=

utils: i imenulnstallPkg=s()
Warning in install.packages (HULL, .libPaths() [1L], dependencies = HA4, %
'1ik = "C:/Program Files/R/R-3.2.0/library"' iz not writable
=&, URL 'http://cran.csie.ntu.edu. tw/bin/windows/contrib/3.2/arules £
Content type 'application/zip' length 1782667 bytes (1.7 MB)
downloaded 1.7 MB

package ‘arules’ successfully unpacked and MDS =zum=s checked
The downloaded binary packages are in

C:\Usershuser\Apphata‘\Local\Temp\RtmpEVFT2(Q\downloaded packag#
>

C) Ve
» library(arules) 3\‘ » M%A\’}’?g i aru:l_es
/Luading required package: Matrix
Attaching package: “arules’

The following objects are masked from ‘package:base’:

Fin%, write
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R i s 471 E—48:E R 5 (2

16)

> load("c:/userz/user/downloads/titanic.raw.rdatam™)
> dim{titanic.raw)
[1] 2201 4
> aa <- =sample(l:nrow(titanic.raw),
> titanic.rawl[aa, ]

Class=s Sex Age Surviwved
7048 3rd Male Adult HNo
2105 Znd Female Adult Yes
433 3rd Male Adult Ho
728 Crew Male Adult HNo
802 Crew Male Adult Ho
T23 Crew Male Adult Ho
63 1=t Male Adult Ho
15689 1=t Male Adult Yes
leel 3rd Male Adult Yes
1699 Crew Male Adult Yes
672 3rd Male Adult Ho
484 3rd Male Adult Ho
2013 1=t Female Adult Yes
1702 Crew Male Adult Yes
1051 Crew Male Adult Ho
1417 3rd Female Adult Ho
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R s i1 E-4:E2R 5 (03

> strititanic.raw) gﬁ.—ﬁ: 'ti 'tanic. raw:ﬁ( i}:ﬂ. % ‘3—‘_;: ﬂ}#_

'data.frame': 2201 ob=s. of 4 wariables:
£ Class : Factor w/ 4 lewvels "1st","2nd","3rd",..: 3 3 3 3 3 3 3 3 3 3
£ Bex : Factor w/ 2 lewvels "Female","Male": 2 2 2 2 2 2 2 2 2 2

Loge : Factor w/ 2 lewvels "Adult","Child": 2 2 2 2 2 2 2 2 2 2

oy ¥

Survived: Factor w/ 2 levels "HNo","¥Yes": 1 1 1 1 11 1111

> rulesa «<- apriori(titanic.raw) #{‘ f_? apriori ;ﬁé’: jé

Parameter specification:
confidence minval smax arem aval originaliSupport support minlen maxlen target ext
0.8 0.1 1 none FALSE TRUE 0.1 1 10 rule=s FALSE

Algorithmic control:
filter tree heap memopt load sort wverbose

0.1 TRUE TRUE FALSE TERUE 2 TRUE
apriori — find as=sociation rules with the apriori algorithm
version 4.21 (2004.05.09) (o) 19%e-2004 Christian Borgelt
Zet item appearances ...[0 itemi(s)] done [0.00=].
2et transaction=s ...[1l0 item(=), 2201 transaction(=)] done [0.00=].
sorting and recoding item=s ... [9 item(=)] dome [0.00=].
creating transaction tree ... done [0.00=].
checking subsetszs of 2ize 1 2 3 4 done [0.01=].
Wwriting ... [27 rale(=)}] done [0.00=].
creating 54 object ... done [0.00=].
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R s ir1 E-48:ERL5 04

B2 apriori iF % &

HiTE%

> inspect(rulesza)
1h= rhs support confidence liftc

1 {3} =x {hge=hdult} 0.89504771 0.9504771 1.0000000
2 {Class=2nd: =x {hge=hdult} 0.1185825 0.91578585 0.5%635051
2 {Class=ls=st}: =x {hge=hdult} 0.1445341 0.9B15385 1.032e798
4 {Sex=Female} =x {hge=hdult} 0.1930940 0.9042553 0.8513700
o {Class=3rd: =x {hge=hdult} 0.28487T705 0O.8BBE1020 0.89343750
& {Survived=Yes} => {Age=Adult} 0.2971377 0.918E312 0.8&77574
T {Class=Crew} =» {Sex=HMale} 0.391e402 0.9740113 1.2384742
2 {Class=Crew} =x {hge=hdult} 0.4020900 1.0000000 1.0521033
8 {Survived=NHo} => {Sex=Male} 0.8197183 0.9154362 1.16359945
10 {Survived=NHo} => {Age=Adult} 0.853335%4 0.9651007 1.0153E856
11l {Sex=Male: =x {hge=hdult} 0.7573830 0.9630272 1.0132040
12 {S5ex=Female,

Survived=Yes}! =» {Age=&dult} 0.1435711 0.9126047 0.%66496695
13 {Class=3rd,

Sex=Male} = {Survived=No} 0.1917310 0.8274510 1.2222350
14 {Class=3rd,

Survived=No} =» {Age=4dult} 0.2162653 0.9015152 0.5484870
15 {Class=3rd,

Sex=Male} = {hge=hdult} 0.2099046 0.9058824 0.8530818
16 {S5ex=Male,

Survived=Yes}! =» {Age=Adult} 0.1535666 0.9208209 0.%6859670
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R #cfp 4471 & -4bid

"‘%fu 05

> plot (rulesa)

> summary (titanic.raw)
Class Sex

1=t :325 Female: 470
Znd 285 Male :1731
3rd 706

Crew:285

3% W apriori # %

Loe

Bdnultc:2082

Child:

108

Surviwved

Ho :1
Yes:

4390
711

' R R Graphics: Device 2 (ACTIVE) | o || B [js25w] ﬂ

095

0.9

confidence

0.85

Scatter plot for 27 rules

L
= = =
LI |
=
[ |
[ ]
r
— | | |
02 04 06 08
support

lift

1.25
1.2
1.15
1.1
1.05

0.95

LT %
tlt;rﬁc raw FTHEEFELE

t\

Support: # #F#&£AE

Confidence: & ~#&RE

&I T§ arulesViz £ @
¥ 7 library(arulesViz)
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& 2
EiERERRER
“ 4 .,
p N2 =Rk sk si(Hbase) (MongoDB)
Hbasef@=Z %4 } [MapReduceE%
; < 2 438 8 =28 (Hadoop MapReduce)
DEEUIBE R HHDFS
k J, Z %k %i(Hadoop HDFS)
EEERE
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Z AR IR

: ~HDFS

Metadata ops

Read Datanodes

"[ Namenode

Metadata (Name, replicas, ...

/home/foo/data, 3, ...

):

| Replication

Block ops

Datanodes

H =
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2 A3 2T L -MapReduce

Provided by the
programmer

Provided by the
programmer

The crew of the space shuttle
Endeavorrecenuyrmedto

what we're going to need to

do to build any work station

or habitat structure on the

moon or Mars, " said Allard
Beutel.

MAP:

reads input and
produces a set of
key value pairs

(the, 1)
(crew, 1)
(of, 1)
(the, 1)
(space, 1)
(shuttle, 1)
(Endeavor, 1)
(recently, 1)

(key, value)

Group by key:

Collect all pairs
with same key

(crew, 1)
(crew, 1)
(space, 1)
(the, 1)
(the, 1)
(the, 1)
(shuttle, 1)
(recently, 1)

(key, value)

Reduce:

Collect all values
belonging to the
key and output

(crew, 2)
(space, 1)
(the, 3)
(shuttle, 1)
(recently, 1)

(key, value)

reads

™
-
c
[,
-
o
v
("2
>
c
@)
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: -MapReduce

Input

Map

A

the quick
brown fox

the fox ate
the mouse

how now
brown cow

how, 1
now, 1
brown, 1

Shuffle & Sort

the, 1

ate, 1
mouse, 1

Reduce

Reduce ]——’

Reduce }—’

Output

4

brown, 2
fox, 2
how, 1
now, 1
the, 3

ate, 1
cow, 1
mouse, 1
quick, 1

Page 37




2 L 57N B2 T L -Hadoop

HADOOP 1.0 HADOOP 2.0

g
8

’
)

-

’.,,

MapReduce u Others

(data processing) (data processing)
MapReduce wJ e J
(cluster resource management - YARN I
& data processing) (cluster resource management)

N

BATCH ONLINE STREAMING GRAPH IN-MEMORY HPC MPI (2::::,
MapReduce) (HBase) [N(Storm, S4,.. )8 (Giraph) (Spark) (OpenMP1) (Weave...)

YARN (Cluster Resource Management)

% HDFS2 (Redundant, Reliable Storage)
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Job submission YARN Resource

-
Y
-----------
-
-

NodeManager NodeManag er Container Launch

= ""R"quest
Containers

Containers

Map Task 2 Mapl.ied!.me MapRedyge. ..uu Map Task N
Application i 'Cbor&matmn

Master .,

[ ] .".
Reduce Task 1 .

Page 39



2 4 373 2T ¢ -MongoDB

Client Application
Driver

Writes R'ead\s

\

* % %

¥ Ay
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Hadoop

» Hadoop (or YARN] - a framework that allows for the distributed processing of large data sets
across clusters of computers using simple programming models

= RHadoop - a collection of five R packages that allow users to manage and analyze data with
Hadoop, developed by Revolution Analytics

= HHIPE - an R and Hadoop Integrated Programming Environment

Spark

= Spark - a fast and general engine for large-scale data processing, which can be 100 times faster
than Hadoop
= SparkR - R frontend for Spark

MongoDB

»- MongoDE - an open-source document database

R packages: rmongodb, EMongo
A nice example of rmongodb
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