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b<-c¢(1,2,3,-1)

¢ <- c(“one”, “two”, “eric”
d <- ¢(TRUE, FALSE, TRUE)

18] 1 vectord elementS 2 uf =

cle(1,3)]
Z A Q5P ¢ vectord] AHA &} AlHA 3ES 74 A H ot

Matricest B Z 92 5 YU 3 L= (number, character, etc) <} 4 o] & ZtA] H o}
> X <- matrix(1:15, nrow=3, ncol=5)

> cell <-¢(1,3,5,7)

> rnames <- c('R1', 'R2")

> cnames <- ¢('C1','C2")

>y <- matrix(cell, nrow=2, ncol=2, byrow=TRUE, dimnames=list(rnames, cnames))

tolg g do= gtes et
>varl <-(1:5)/5

> Var2 <- c¢(“my name”, “data mining”, “big data”, “R”,’package”)
BAE 52 b 2 5T 34 02 G

> a <- data.frame(varl, var2)
varl ¥ var2 5 2 §sto s 9] dHlolE Zyd o= vkt

ListE =41 7} L& object5 9] 29 © & )3l objectS 312 o] S0 & A7 4=

3 http://www.statmethods.net/

AT,
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> | <- list(name="eric’, age=45)

Factor= nominal valueE vector = #| % gt 7l o] t},
> gender <- c(rep("male",10),rep("female",10))
> gender

[1] "male" "male" "male" "male" "male" "male" "male" "male"

[9] "male" "male" "female" "female" "female" "female" "female" "female"
[17] "female" "female" "female" "female"

> gender <- factor(gender)

> gender

[1] male male male male male male male male male male female
[12] female female female female female female female female female
Levels: female male

> summary(gender)

female male
10 10

tlol 8 & A 4eta &9 st Wy o)t
> write.csv(a, “test.csv”)
csvIt L 2 A 7 gt
> b <- read.csv(“test.csv”)
csvE A dE &5 bete tlolB £ glo] &1t
> save(a file="abc.Rdata™)

2 PHTE vloly Sd = A3t

> print(b)

dolE & glo]Eol= Wl

> load(“abc.Rdata”™)

> print(a)

+ default working directory©l| 4] abcTt L & o] aE vl & 2] ol S22 A3 gt}

Hlo] B & A s} e o] T}

> rm(a)

25 a2 3

> rm(list=1s(all=TRUE))

HF S v 2] ol A A -5-22} 3= A 5ol 3l S W = A7 gt

ol91e] FFeke R ofy
> data(iris)

> describe(iris)

> summary(iris)

S
i
rlo
WY
Wl
o,
xo,
T
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1.7 Missing Data Handling

Missing datas ]G Al A ] st == 2 A 21 & 2o

“Missing datax{Z|E <l B 9S00 59 o] F S AF3 AT = AT

AlZHE Bo| MEAH2 ti|§_ Cﬁ""g &2 w5 Fd et RoIA & package ==
Amelia II, Mice, mistools & < 2] 7}A] 7} Q1 o} & W &

X0t JhSsEH o e Amelia® AMS5H T}

missing2 M|2|st1 X 2| .

. o o 1 missing datas &1 5t WY I} A @) of= 1t g

St=H X Etsich. Missing umq Hg A st} o) ROﬂ ;\1 = missing data§

AAZE 2ol J= ZEFE NA(not available) 2] 3}, Brls3t ghel & 51,

olC}” dividing by zero) + NaN (not a number) ° 2 Az H}.

S Missing datas Y & ol= WH S NAE o] &3 11,
isnas ©] & 0]'04 m1s51ng0:1—r‘2 gl 4 3l

>y <-c¢(1,2,3,NA)
> is.na(y)
[1] FALSE FALSE FALSE TRUE

54 kS missing 2.2 98§ 7 $- o] 2 W Fsto] A2 shd H &) 99 S missing S & A 2]
U A o) S A NAE Yo 20l

> mean(x, na.orm=T)
[1]2

S, missing®] X record A & AHA| o= WH S 2 = complete.cases() & ©| &5=
Hl missing®] WAl S EZE A5 B2 HolHY AA 2 FA4 7 A oy 4 5o 5o
of # .

mydata[!complete.cases(mydata),] # A 5hA| mpAl

AmeliaS AM-&3F= W & ol o 2o},

> install.packages("Amelia")
> library(“Amelia”)

H| ] ] & freetrade & Z}EE A Aol tf gt A}f-3lef] th3 A0 2 1980 HF-E 1993
del dlelH 2 #4450 ¢ 1‘/‘r tﬂ#—t—b =, 37h A&, F A A (-10~102- 2 AF3HE =
7} 109 @S zreth, U4, =19 £L, ZZAFH A IMF 7FId =, AFA ZAA,
USHZA 2 4 5o )

14



> data(freetrade, package="Amelia")
> summary(freetrade)
year country tariff
Min. :1981 Length:171 Min. : 7.10
Ist Qu.:1985 Class :character 1st Qu.: 16.30
Median :1990 Mode :character Median : 25.20

Mean :1990 Mean :31.65
3rd Qu.:1995 3rd Qu.: 40.80
Max. :1999 Max. :100.00
NA's :58.00
polity pop gdp.pc

Min. :-8.000 Min. :14105080 Min. : 149.5
Ist Qu.:-2.000 1st Qu.: 19676715 1st Qu.: 420.1
Median : 5.000 Median : 52799040 Median : 814.3
Mean :2.905 Mean :149904501 Mean : 1867.3
3rd Qu.: 8.000 3rd Qu.:120888400 3rd Qu.: 2462.9
Max. :9.000 Max. :997515200 Max. :12086.2
NA's :2.000

intresmi signed fiveop
Min. :0.9036 Min. :0.0000 Min. :12.30
Ist Qu.: 2.2231 1st Qu.:0.0000 1st Qu.:12.50
Median : 3.1815 Median :0.0000 Median :12.60
Mean :3.3752 Mean :0.1548 Mean :12.74
3rd Qu.: 4.4063 3rd Qu.:0.0000 3rd Qu.:13.20
Max. :7.9346 Max. :1.0000 Max. :13.20
NA's :13.0000 NA's :3.0000 NA's :18.00
usheg
Min. :0.2558
Ist Qu.:0.2623
Median :0.2756
Mean :0.2764
3rd Qu.:0.2887
Max. :0.3083

Aol &S 2 g Mol NAASF7E DHAA S &4 ). Tariffe] 7% NAZF 5870 91

A WA Q1 missing *] 2] W2 3G record & BF AHA| 5F= W o]t} o] 2] 3 7 9 missing©]
AA A2 BE recorddl] 24 E£XE38h= 45, UF B2 A57AHAH ol JHE & 5517
ool A -57F At} 12 g A 5 imputations G W] HEFGCE A k= A7 U
=l olgld WA e W Al Atk A MFEY] BAE 0] &3 imputations
ANt &2 el e 59 dAld A 12 B2 AFetast ok me 3

)

719l imputation datasetS THEXE A 3t= gholH, s AlAIEel tlg F K, cs= cross-
sectional BA1ol E3t=E A Holt} ulebA ol RdoMes et 7S adeia RE
freetrade”d X. & -8 3 missing®ll o 3 imputation©] ©] F0 =] Al H T}

a.out <- amelia(freetrade, m = 5, ts = "year", c¢s = "country")
hist(a.out$imputations[[3]]$tariff, col="grey", border="white")
save(a.out, file = "imputations.RData")
write.amelia(obj=a.out, file.stem = "outdata")

15



This will create one comma-separated value file for each imputed dataset in the following manner:

outdatal .csv
outdata2.csv
outdata3.csv
outdatad.csv
outdata5S.csv

ol &2 E A missing= A 2l st7] 2} $2] A}

il

PN
& = 9t}

> missmap(a.out)

Missingness Map
[ Missing I Observed

India

Indonesia

Korea

Malaysia

Nepal

Pakistan

Philippines

SriLanka

Thailand

E o
5 ]
- e

imputation 571 913l 4] & imputation= ¢ 3+ 3t datasetl] writtingsta ¥ T},

intresmi
signed
polity
usheg
gdp.pc
poj
country
year

> freetrade$tariff<-a.out$Simputation[[5]]$tariff
> missmap(freetrade)



Missingness Map

[ Missing B Observed

171

fiveop

tresmi
signed
polity
sheg
gdp.pe
pop

1:

country
year

1.8 Outlier Detection

e w A A A .

1.9 Data Exploration

> require(ggplot2)
# ploting= 913l =3}, requiret} library= & 2o] = §l 21} require] Y& 52
functionQFoll A AF-8-317] 913l 2=H S = library 7} loading = ©] 1A &S ™ warnings %
= 5 of 3l
> data(diamonds)
# Tho] o} == 9] carat, cutting 3 B 5] ©] o] E o] T},
> summary(diamonds)
carat cut color clarity

Min. :0.2000 Fair :1610 D:6775 SI1 :13065

Ist Qu.:04000 Good :4906 E:9797 VS2 :12258

Median :0.7000 Very Good:12082 F:9542 SI2 :9194

Mean :0.7979 Premium :13791 G:11292 VS1 :8171

3rd Qu.:1.0400 Ideal :21551 H:8304 VVS2 :5066

Max. :5.0100 I: 5422 VVSI1 :3655
J: 2808 (Other): 2531
depth table price X

Min. :43.00 Min. :43.00 Min. : 326 Min. :0.000

Ist Qu.:61.00 1st Qu.:56.00 1stQu.: 950 1stQu.:4.710
Median :61.80 Median :57.00 Median : 2401 Median : 5.700
Mean :61.75 Mean :57.46 Mean :3933 Mean :5.731
3rd Qu.:62.50 3rd Qu.:59.00 3rd Qu.: 5324 3rd Qu.: 6.540
Max. :79.00 Max. :95.00 Max. :18823 Max. :10.740

17



y z
Min. :0.000 Min. :0.000
Ist Qu.: 4720 1st Qu.: 2.910
Median : 5.710 Median : 3.530
Mean :5.735 Mean :3.539
3rd Qu.: 6.540 3rd Qu.: 4.040
Max. :58.900 Max. :31.800

> install.packages("tabplot")

> library(tabplot)

#HlolE 7} ol B A AAH o2 EEH =X F H7] 93 ol
> tableplot(diamonds, cex=1.8)

arat®] S5 cut FEI7F A E S & gt o2
ofo] A &= uletat = 9o} Al Al F U =

1.10 Interactive Graph

> library(googleVis)
> data(Fruits)
#AE FAEF, A, W Z 1 g, o), A BAH ol B 7} ek

> M1 <- gvisMotionChart(Fruits, idvar="Fruit”, timevar="Year”)

# 12 ol B E AE id Wy E A gt

> plot(M1)

# web browser7} FeH A 18] ZZ 7} A Al o] E] W | interactived} Al L2 T 7} 22 ).

18



Lin

Location
|}

Profit

Oranges, 2008

Apples, 2008

Bananas, 2008

Expenses

Sales Lin
2008
» [
Data: Fruits » Chart ID: MotionChart|D1260605f8374
R version 2.14.1 (2011-12-22) « googleVis-0.2.15 ¢« Google Terms of Use * Data Policy

> library(MASS)
> data(iris)
> ldaobj <- 1da(Species ~ ., data=iris)
> ldapred <- predict(ldaobj)$posterior
$sv

setosa versicolor virginica
0.5761169 0.2119416 0.2119416
0.5761169 0.2119416 0.2119416
0.5761169 0.2119416 0.2119416
0.5761169 0.2119416 0.2119416
0.5761169 0.2119416 0.2119416

DNk W =

klaR packageE ©]-8-3F T} &3t
A Aoz golHr7/ T B

Hoh whg] dA A9l gebg st A Bl s)of 5t
A28l A 2] Al Zko] 1A]7te] A-TA A F-& . 1

o 2F4 ¢l g}e}-S- 3} a1 InsightS A 3L Feasibilityol] thall A Z1éll of ghc}. & #) dlo] e & 2k
2dy A Fo] ehetid Bt A g 24 S 53 derived variables F715HA Y, Rd
AAE v E T2 tietS A ztel o gttt o] 2] gk 4 - observation©] B2 4% sampling
= oFH H AR, o] T3 A Zto] A3 t a3 FhE AA g}, ety it 2= g
7F 3070 o] de] de A5 o E =01 300709 Wk v de, WaE 5070 o]t E
glol HAolth, 74 F-of] b= wE Rd g2 4 st7] fl3l F7HA] Y& RT3

o d A% ). o]H
°| greedy.wilksE Al-8-3}
of ou| = HFEE oA ) A
7l Rd g ue] Ast ¢ UAE Y Al 28l e g F
H] & &2 W 2 gl

L.

fru
o
£
M
AU
i
v
)
l:op
o
N
[o
fu
oX,
H‘l _]ﬂ
k1
il
B
[
o
(ol
G
i)
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A A= A A Y simulation modeling< 571 data miningS 5171 W] °] E] Alo] 2 & SUIA| A 7HH
A Bl Al 2Bl ol A o] = H & AJZEo] A& 8 ¥ =A] performance testE afl =T, 18] 3 T4 A
Uzl e & A gt oldd 2= oA e A5 27 FA4L bty A28l A EAR
Ay S 98T Fle ATE Uk

> library(klaR)

> data(B3)

> gw_obj <- greedy.wilks(PHASEN ~ ., data=B3, niveau=0.1)
> gw_obj

Formula containing included variables:

PHASEN ~ EWAJW + LSTKJW + ZINSK + CP91JW + IAU91JW + PBSPJW +
ZINSLR + PCPJW
<environment: 0x7fb7¢c4961c78>

Values calculated in each step of the selection procedure:

vars Wilks.lambda F.statistics.overall p.value.overall F.statistics.diff p.value.diff

1 EWAJW 0.6058201 33.18341 1.405358e-16 33.183411 1.405358e-16
2 LSTKIW 0.4271561 26.85606 1.218146e-25 21.192038 1.554268e-11
3 ZINSK 0.3614525 21.20584 7.607587e-29 9.149422 1.326989¢-05
4 CP91JW 0.3002868 19.05337 1.153881e-32 10.184539 3.783582e-06
STAU91IW 0.2624925 17.11094 6.597858e-35 7.151127 1.604993e-04
6 PBSPJW 0.2451025 14.99388 3.695840e-35 3.500196 1.708972e-02
7 ZINSLR 0.2205325 13.94619 1.442943e-36 5.459204 1.379166e-03
8 PCPJW 0.1999847 13.10739 9.454573e-38 5.000333 2.486333e-03
£ AF7t FoAH S Wl class7F oD A /-5 =X ol 3l error rate & &2 11, graphical 5}
AAHRE HAFE 75 7%

> library(klaR)

> data(iris)

> iris2 <- iris[ , ¢(1,3,9)]

> plineplot(Species ~ ., data = iris2, method = "lda",
+ x = 1iris[ , 4], xlab = "Petal . Width")
[1]10.03333333

o] 2 ZE EH Petal. Widthol] 2} Species®] X7 &2 & 4 ). o] 23 3§
Petal Width= grouplngOH A categorical variable2 WHE0] =1 | A o] g-o]a 4= 3
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4T ——6—6—06—06—0
: _ \
& 24
2 ’ Q——0—0——0—0—0Q—0——0-——0-——0-——0-——0-——0-—0—0-——29
05 1.0 15 20 25
Petal. Width
-1 0~ 0 0O—0 —
© | \g °
s s °
8
[
z ° / <|> —
N °
24 o—0—0—0—0—0 ° [ é\S\o—- —o—o
T T T T T
05 1.0 15 20 25
Petal. Width
5 5 ° g g _—o—e—06—0
@ | ® I
P \ o—0
8 B
LS | !
n o
o
2 A o—o—o—o—o—o—o—o/z—é—
T T T T T
05 1.0 1.5 20 25
Petal. Width
> library(klaR)
> data(iris)
> mN <- NaiveBayes(Species ~ ., data = iris)
> plot(mN)
He 2 O 25 B FA 0 179t o Al = A gl
Naive Bayes Plot
A\
- virginica \\
™ "/l ‘y‘v‘v“
s /"’J \\
/" l\\
> o “‘.““ .‘“,‘
g o ‘,’ \‘
8 n/ “‘u
// \“‘.
/ \‘,
b /
) -
o
T T T T T T T T
4.5 5.0 55 6.0 6.5 7.0 75 8.0

Sepal.Length
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Continuous variable X.T} categorical variable©] ©]3l] 7} -0 & 4= qlt}. o] 72§ 1hekgk Wiy
2 continuous variable= €% Z7] 2 binningdl| 4] &8-S st} LHEH O 2 b

Z7VelH A3 T = oAU £ X 7F =8 A 11 overestimation2 = T} 7| EA o 2 407] &
%= Z binningd} 1L ©] & target?} B] w5} f-A}3} performanceE H.0| = S
WAl S A &stelo] Adsitt. 7= 28 g A 757k = 23 E o] A Tt

> library(klaR)

> library(party)

> data(iris)

> iris$Petal . Width.c <- cut(iris$Petal Width, 5)
> a<-ctree(Species ~.,data=iris)

> plot(a)

>a

Conditional inference tree with 5 terminal nodes

Response: Species
Inputs: Sepal.Length, Sepal Width, Petal.Length, Petal. Width, Petal.Width.c
Number of observations: 150

1) Petal Width.c == {(0.579,1.06], (1.06,1.54], (1.54,2.02], (2.02,2.5]}; criterion = 1, statistic =
251.551
2) Petal . Width <= 1.7; criterion = 1, statistic = 83.076
3) Petal.Length <= 4.8; criterion = 1, statistic = 26.855
4) Petal Length <= 3.6; criterion = 1, statistic = 20.634
5)* weights =7
4) Petal.Length > 3.6
6)* weights =40
3) Petal.Length > 4.8
7)* weights =8
2) Petal. Width > 1.7
8)* weights = 46
1) Petal . Width.c == {(0.0976,0.579]}
9)* weights =49
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Chapter 2

H = =
=i H S 2d
2.1 Classification*

Classification= 03} 1= 78341 0,1234 52 78
= Lot H40] At o= &&= st CRMY

=
Obg Bol ALSEA Hle At nAe 9T ASsted Ee 1) $48 5
olsl=d 285 31 thoksl FoloA] o] & &85 S 9
HolC 2L ot1g|= = or— oo o ¥ T = 20 &2 T M
JIEOIE AFH SAEE g e g ey 23E adael BAsEaE A
Aol HF HEE eI g8 290}
gich. S8l opAlg Hopol o .
oo e w5 CRMAA 9] P v)e 5T 5 glow
15 B2 283 ECE e g y=g 3247171 el e 3olt aA e
Al e Estck 2to] ol 1 A& FU H 1 o Fs]o] nAL A
A Zol5o] M2y 2t 718 DA olT b 12
BEL vlolE] vhol Y 2 e YO o Zate] A4
o 32g WEA2 4= ghofof B}

ROIA XY= = classification WH S 2= rpart, rpartOrdinal, randomForest, party, tree,
marginTree, maptree ‘& TFE WHo| EA| gttt %A party @ rparts 243 A <ot W=
A Al BF LA} gt

FEoASole fFa/ole, s73le, 5Y8F 7, 55 o3 7, 54 AlAe 5=
Aol B H = FEF 56 tbFs 457F 2 5 vk olH @ S A d Sl Ho
U Hold 5 U Jued uHB#ALES AN 5 Aot

o, olH 3 FFoSol FEe AHNE BT FAAe R AT 5 lojof Ak A2 &
FET L AARG. s A dE @ S5)E =2 B HSSHA N A7 FE LSS A
A, FE WSz e B7E AR, Eo] A B4 100mmAHE B 7F @ =] B kA
AA gt ohA et gtow He=Aolt oja & ¢ 3= =2l & Alwstd Fa20]
th 2y s =g Ao g oldl e 4 v AUt e g st A Y 8 ek B E
bt A5 =33 Aoy SASAE S Akl of drta BEA] RaXRE Al
N SAGRTJAAE AT CZ THE 5 ASA] 2T o/ H File o5 &4 Y
T ANE SAT gt Qo B A = RET, e a Fale] Aje] el g A
S un PTome =AG To] ¢hE e FdRdrE

4 “Big Data Analysis for CRM using R”, 71 73 El|
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25% e Tolth, 12y W d Thgalel B mA o A NS5 T Al
93 AAAE G AN E Wl A HeAelth el ARe A AL el e A P
e & Abgrel Hof gleglolth ARtk n ARA Fuj S & Akt A 9 of Gubr ohw
A e 2 Hﬂ7HH%$¢44 AN AL 3ok Feah A o) 7hs

o oo A

[\
jud)
-

2.1.2 party = ©]-8& %t Decision Tree’

ARl mlold & A&l H7] o d7hA] A
£ 4 9t} o] = randomdt & ol Lol THA
AAG 22405 IS 3

Fetn s e A9 g A3t oA o)
o

2 random seed numberE *| % 5} 1L A] 2}5}

party package] A & ctree 2 AF-&-3}7] H & v} classification package 2] 3lvtolth. &
A o] package®] A S Z = missing values & A 2 sHA] Xol= Ao E 7 %é‘?o]‘/}
QLEZ O 2 missing®] 75 = Aol Ut 28] A ctreed]] FYUE Hlo|EH 7} A 7} QFE =
7§ = predict’} A 3 3l = 7 F-9} categorical variable©] test data”} train} TF2A] A 2] = =
A 7F AT

party S ©| 83t XX = iris H°]H & ©]-&3}aA} gt} o] H o] E = Species 'H Sepal(¥
Hk ) 7_})»} Petal(l”—o‘ A E Sepal Length, Sepal. Width, Petal Length, Petal Width H] ] E] 2
:r“ﬂ o] AT}, Speciesw= LA 3714 T/ E 73 = o] Ut

> library(party)

> data(iris)

> summary(iris)

Sepal.Length Sepal.Width  Petal Length Petal.Width

Min. :4.300 Min. :2.000 Min. :1.000 Min. :0.100

Ist Qu.:5.100 1st Qu.:2.800 1st Qu.:1.600 1st Qu.:0.300

Median :5.800 Median :3.000 Median :4.350 Median :1.300

Mean :5.843 Mean :3.057 Mean :3.758 Mean :1.199

3rd Qu.:6.400 3rd Qu.:3.300 3rd Qu.:5.100 3rd Qu.:1.800

Max. :7.900 Max. :4.400 Max. :6.900 Max. :2.500
Species

setosa :50

versicolor:50

virginica :50

SummaryE X missing value”} §1 1L Species”} Z+2} 507 2 4 =] 1L SpeciesE &+ 3F=U|
AlEE HolH = S R 7 e = & AT

> data(iris)

ALgE ol H E A A 29 ghnt

> ind <- sample(2,nrow(iris) replace=TRUE, prob=c(0.7,0.3))

2d S 3l gtaS S ulolE ¢ gt e Bl e Rd S A S5l HAE HolHE

70%,30% &33t7] Y&l indH 5ol 13 23S g3},

> trainData <- iris[ind==1,]

5 http://www.rdatamining.com/docs
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> testData <- iris[ind==2,]
iris A A| ®l o8] Foll A indol] whe} <5 Hlo|E o H| ~E Ho|E
F3 El2EE 730 2 3k dlo]E 7t 7@ AAow H59 75 8:

J./
2

¢}

= ==
g FEst. ety
g

PR

m _L4
1
g

> myFormula <- Species ~ Sepal.Length + Sepal . Width + Petal .Length + Petal. Width
2ol BAMES A S BRoled A4S HEES 3 o= delah Wl Y
A}, oln] Rl S 913 Hlo|HE AMalA A4 A~ " A7 BHANA BE WFE

T

=

Tt

> iris_ctree <- ctree(myFormula, data=trainData)

ctree 7] 5= ©] &l A gF& Hlo|H & sl G F 2 o B Rd & vbEo A A At

> table(predict(iris_ctree) trainData$Species)

S8 vlolelel TE Rule) A3 Aelel] A9 A5 olel ] 4

+ Species&F o} B A ZFo] 7} A=A Rl gt} 52 4

/\1 vesicolor#} 1l o] =3+ A 367l =<l A A A 2 vericolors= 347l ©] 21 27}

o2 HAAYPF AR ANE SIS L+ A

a8 Bl o] El o
-l kol el

<. rloé‘é

setosa versicolor virginica
setosa 27 0 0
versicolor 0 34 2
virginica 0 1 39

> print(iris_ctree)
Conditional inference tree with 4 terminal nodes

Response: Species
Inputs: Sepal.Length, Sepal . Width, Petal.Length, Petal. Width
Number of observations: 103

1) Petal.Length <= 1.9; criterion = 1, statistic = 95.084
2)* weights =27
1) Petal.Length > 1.9
3) Petal.Width <= 1.7; criterion = 1, statistic = 52.481
4) Petal.Length <= 4.6; criterion = 0.998, statistic = 12.375
5)* weights =29
4) Petal.Length > 4.6
6)* weights =7
3) Petal . Width > 1.7
7)* weights = 40

g dolHZ NEE 2o AdEE S extP A o2 HH 9o} 22 xR 2UFoR
FAEH 47le] EF =28 ZE2 treeE E A 0| 753}

> plot(iris_ctree)
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(1]
Petal.Length
p <0.001

/

(4]
Petal.Length
p = 0.002

<46 >4.6
/ AN
Node 2 (n = 27 Node 5 (n = 29 Node 6 (n=7) Node 7 (n = 40)
1 1 1 1
0.8 0.8 0.8 0.8
0.6 0.6 0.6 0.6
0.4 0.4 0.4 0.4
0.2 0.2 0.2 0.2
0 0 - 0 - 0 ="
setosa  virginica setosa  virginica setosa  virginica setosa  virginica
MdE 2d & a2 19

t}. o] & g 141 22 =3 B} visualdH|
] gt class7F T2 EA =A==

> plot(iris_ctree, type="simple")

T2

ow %%

<46 >4.6
{5] {6]
n=29 n=7
y=(0,1,0) y = (0, 0.714, 0.286)

> testPred <- predict(iris_ctree, newdata=testData)

M 2l
> table(testPred, testData$Species)

o] g-al A H ~E dlo|Eldl] 2 g3f

B 919 2o, of 88 et WSl B
o W
:|

n=40
y = (0, 0.025, 0.975)




testPred  setosa versicolor virginica
setosa 23 0 0
versicolor 0 15 3
virginica 0 0 6

H 2 E gl o] E | A1 9] accuracy & 4] gtt.

2.1.3 rpartZ ©|-&&F Decision TreeS

rpart= Recursive Partitioning and regression tree = CART like 3} tree S A| & 3t} tree )
prediction errorE # 223} sh=H| AT

> library(rpart)

> data("bodyfat", package = "mboost")

> dim(bodyfat)

[1171 10

> attributes(bodyfat)

$names

[1] "age" "DEXfat" "waistcirc" "hipcirc"  "elbowbreadth"
[6] "kneebreadth" "anthro3a" "anthro3b" '"anthro3c" "anthro4"

$row.names

[1] "47" "48" "49" "50" "S1" "52" "53" "54" "55" "56" "57" "58" "59" "60"
[15]"61" "62" "63" "64" "65" "66" "67" "68" "69" "70" "71" "72" "73" "74"

[29] "75" "76" "77" "78" "79" "80" "81" "82" "83" "84" "85" "86" "87" "88"

[43] "89" "90" "91" "92" "Q3" "94" "95" "96" "97" "98" "99" "100" "101" "102"

[57] 103" "104" "105" "106" "107" "108" "109" "110" "111" "112" "113" "114" "115" "116"
(711 "117"

$class
[1] "data.frame"

> bodyfat[1:5,]
age DEXfat waistcirc hipcirc elbowbreadth kneebreadth anthro3a anthro3b anthro3c anthro4
47 57 41.68 1000 112.0 7.1 94 442 495 450 6.13
48 65 4329 995 1165 6.5 89 463 501 448 637
49 59 3541 960 108.5 6.2 89 412 474 460 5.82
50 58 22779 720 96.5 6.1 92 403 448 391 5.66
51 60 3642 895 100.5 7.1 100 424 468 4.15 5091

> myFormula <- DEXfat ~ age + waistcirc + hipcirc + elbowbreadth + kneebreadth
> bodyfat_rpart <- rpart(myFormula, data = bodyfat,control=rpart.control(minsplit=10))
> attributes(bodyfat_rpart)

$names
[1] "frame" "where" "call" '"terms" ‘"cptable" "splits" "method"
[8] "parms"  "control" "functions" "y" "ordered"

6 http://www.rdatamining.com/docs
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Sclass
[1] "rpart"

> print(bodyfat_rpart)
n="71

node), split, n, deviance, yval
* denotes terminal node

1) root 71 8535.98400 30.78282
2) waistcirc< 88.4 40 1315.35800 22.92375
4) hipcirc< 96.25 17 285.91370 18.20765
8) age<59.5 11 97.00440 15.96000 *
9) age>=59.56 31.4578822.32833 *
5) hipcirc>=96.25 23 371.86530 26.40957
10) waistcirc< 80.75 13 117.60710 24.13077 *
11) waistcire>=80.75 10  98.99016 29.37200 *
3) waistcirc>=88.4 31 1562.16200 40.92355
6) kneebreadth< 11.15 28 615.52590 39.26036
12) hipcirc< 109.9 13 136.29600 35.27846 *
13) hipcirc>=109.9 15 94.46997 42.71133 *
7) kneebreadth>=11.15 3 146.28030 56.44667 *
> plot(bodyfat_rpart)
> text(bodyfat_rpart, use.n=TRUE)

waistcirc< 88.4
T
hipcircs 96.25 kneebreadth< 11.15
age< 59.5 waistcir¢< 80.75 hipcirc< 109.9
15/96 22133 2413 29:37 hﬁ 56.45
n=11 n=6 n=13 n=10 3528 42'71 n=3

——an ——r

MQAA 0 2 = partye] ATp7} B7] A A rparty B o 2 AL-&-3hcl
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2.1.3 Random Forrest’

randomForests package= random input®l] £ forest of tree & ©] &3 &7/ 'H S =, random gt
forestol] = -2 treeE°] A & =H A 22 objectE EF317] 93l forestell )= treeol] 2H2}
FYote] 249 rees ] votingS T BM EFE k= W4 oltt. o] WA o

M EeAom APHm, FHIN ] AFE o] Fall A HgA| A glo] A
of| ] £ A& ¥t} 53] unbalancedH class®] 23 ol thaf 2 o &

o] & Al-g-3l=H| A -2 7} category variable2] value /71 3271 & @2 4 §lvh= A ol o
olof o & t <t S = party package®] cforestE Al-&-3H HT}3

> library("randomForest")

> data(iris)

> ind <- sample(2, nrow(iris), replace=TRUE, prob=c(0.7,0.3))

> trainData <- iris[ind==1,]

> testData <- iris[ind==2,]

> rf <- randomForest(Species ~ .,data=trainData, ntree=100, proximity=TRUE)
A tree’ TS 1002. 2 R B 3} T} k3 tree &S A =30}

> table(predict(rf), trainData$Species)

setosa versicolor virginica
setosa 37 0 0

versicolor 0 38 3
virginica 0 1 31
> print(rf)
Call:

randomForest(formula = Species ~ ., data = trainData, ntree = 100,  proximity = TRUE)
Type of random forest: classification
Number of trees: 100
No. of variables tried at each split: 2

OOB estimate of error rate: 3.64%
Confusion matrix:
setosa versicolor virginica class.error
setosa 37 0 0 0.00000000
versicolor 0 38 1 0.02564103
virginica 0 3 31 0.08823529

7} classoll A 9] a8 & Ho] £},
> plot(rf)

7 http://stat-www.berkeley.edu/users/breiman/RandomForests/cc_home.htm

8 http://www.rdatamining.com/docs
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> importance(rf)
MeanDecreaseGini
Sepal.Length 4.640239
Sepal . Width 1.420328
Petal.Length 29.593030
Petal Width 36.892525
W F Q% 4L O 2 Petal Width 7} class& EF3t=H 7 2 9 S =3 22 Ve

=1

> varlmpPlot(rf)
rf

Petal.Width o
Petal.Length o
Sepal.Length o
Sepal.Width o

T T T T

0 10 20 30

MeanDecreaseGini
WS A5/ Be A 1 P B A5 dod 2258 44 et g F9lt
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> irisPred <- predict(rf, newdata=testData)
> table(irisPred, testData$Species)
irisPred  setosa versicolor virginica

setosa 13 0 0
versicolor 0 10 1
virginica 0 1 15

> plot(margin(rf testData$Species))

2.1.4 ROCR packageE ©| 83 Performance Analysis

Performance AnalysisE 9] 3l 4] = t} 3t

2

| o] Fo] %] =H]| ROC analysis <} Lift analysis©ll

[}
3 A Lol E AT}, sH7FA] a1 8l oF &% 2 ROCR package= binary classification T+ 2] 1 gk

i Aol

> # install.packages('party")

> # install.packages('/ROCR’)
>

> # Load the kyphosis data set.
> library(rpart)

>

> x <- kyphosis[sample(1:nrow(kyphosis), nrow(kyphosis), replace = F),]
> x.train <- kyphosis[1:floor(nrow(x)*.75), ]
> x.evaluate <- kyphosis[(floor(nrow(x)*.75)+1):nrow(x), |

>
> library(party)

> x.model <- cforest(Kyphosis ~ Age + Number + Start, data=x.train,
+ control = cforest_unbiased(mtry = 3))

>

>

> # x.model <- ctree(Kyphosis ~ Age + Number + Start, data=x.train)

> # plot (x.model)

> x.evaluate$prediction <- predict(x.model, newdata=x.ecvaluate)
> x.evaluate$correct <- x.evaluate$prediction ==
> print(paste(" % of predicted classifications correct", mean(x.evaluate$correct)))
[1] "% of predicted classifications correct 0.80952380952381"

>

x.evaluate$Kyphosis

32



> x.evaluate$probabilities <- 1- unlist(treeresponse(x.model ,newdata=x .evaluate), use.names=F)
[seq(1,nrow(x.evaluate)*2,2)]

>

> library(ROCR)

> pred <- prediction(x.evaluate$probabilities, x.evaluate$Kyphosis)

> perf <- performance(pred,"tpr","fpr")

> plot(perf, main="ROC curve", colorize=T)

>

> perf <- performance(pred,"lift","rpp")

> plot(perf, main="lift curve", colorize=T)

ROC curve

1.0
|
I
0.49

True positive rate
0.6

0.4
0.2

0.2
0.1

0.0
|
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0.01
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False positive rate



lift curve
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Rate of positive predictions

2.2 Regression
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Chapter 3

Clustering

3.1 Clustering 7]} 8.9
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3.2 K-means

> data(iris)

> newiris<-iris

K-means 21 2 ¢ &}l dl©]E] & newiris= B-A}3HT}.

> newiris$Species <-NULL

BALGE Hlo]H & Al i3} gl Sl Al &3] o] SpeciesE & =73 A=A E & LA} Species

o] NULLg S 2 %7]3} g},

> kc <- kmeans(newiris,3)

Species7} 3707} 9l o B &2 A&t o] 2] g}k ofo]t] o] 2 2k 3 FH A 9] gko] 37] 2k AL A 4] Bl

Al z3)] E o}, A A  F-oll A = unsupervised 2% 73§ A 9] kit A st=A E 8.5t
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> ke
K-means clustering with 3 clusters of sizes 50, 62, 38

Cluster means:
Sepal.Length Sepal. Width Petal.Length Petal.Width
1 5.006000 3.428000 1.462000 0.246000
2 5901613 2.748387 4.393548 1.433871
3  6.850000 3.073684 5.742105 2.071053

Clustering vector:
[(fjrrrr1rrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrIIILLL G
(43]111111112232222222222222222222222223222222
[85]1222222222222222232333323333332233332323233
[127]1223333323333233323332332

Within cluster sum of squares by cluster:
[1] 15.15100 39.82097 23.87947
(between_SS / total_SS = 88.4 %)

Available components:

[1] "cluster" "centers"  "totss" "withinss"  "tot.withinss"
[6] "betweenss"  "size"

AGEE A A 37]9] J ] sizeet 2 I o] HEE29] H 13k, 2 observation©] ¢ =
clusterol] & &A|of] )3t ghS HoJFH Ho|HE F/H o2 B F e HFES HoF

> table(iris$Species, kc$cluster)

123
setosa 50 0 O
versicolor 048 2
virginica 0 14 36

SpeciesE B2 & H o] & o] &3l A Al&3kgt A 27} vl §- % &5HA| SpeciesE &+

> plot(newiris[c("Sepal.Length","Sepal . Width")], col=kc$cluster)
k-meansZd Z& colorE TFE A all A 3 THE Sepal®] width$} length2 3EA] SHT},
> points(kc$centers[,c("Sepal .Length","Sepal . Width")],col=1:3,pch=8 cex=2)
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> kc4 <- kmeans(newiris,4)
> table(iris$Species, kc4$cluster)

1234
setosa 02228 0
versicolor48 0 0 2
virginica 14 0 0 36

UHEA © 2 k-meansS Al-&3t+= 7 ZS|
2t ol 2 gt HolH E stadu] 4 H Y
H HC Yo o= kE4=E 3

2.3 Hierarchical Clustering

> dim(iris)

[11150 5

> dim(iris)[ 1]

[1] 150

> dim(iris)[2]

[1]5

> idx <- sample(1:dim(iris)[1], 40)

> irisSample <- iris[idx,]

> irisSample$Species<-NULL

> hc <- hclust(dist(irisSample) ,method="ave")
> plot(hc,hang= -1, labels=iris$Species[idx])
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Cluster Dendrogram
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dist(irisSample)
hclust (*, "average")

2.4 Density-based Clustering

> library(fpc)

> newiris <- iris[-5]

> ds <- dbscan(newiris, eps=0.42, MinPts=5)

> table(ds$cluster,iris$Species)

setosa versicolor virginica

0 2 10 17
1 48 0 0
2 0 37 0
3 0 3 33

> ds1 <- dbscan(newiris, eps=0.42, MinPts=10)
> table(ds1$cluster,iris$Species)

setosa versicolor virginica

0 6 25 50
1 44 0 0
2 0 10 0
3 0 15 0

> ds2 <- dbscan(newiris, eps=0.5, MinPts=5)
> table(ds2$cluster,iris$Species)

setosa versicolor virginica
0 1 6 10
1 49 0 0
2 0 44 40
> plot(ds,newiris)
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> newiris[c(1,4)]
Sepal.Length Petal. Width

1
2
3
4
5
6
7
>

5.1 0.2
4.9 0.2
4.7 0.2
4.6 0.2
50 0.2
54 04
4.6 0.3

plot(ds,newiris[c(1.,4)])
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> plotcluster(newiris,ds$cluster)
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> set.seed(435)

> idx <- sample(1:nrow(iris), 10)

> newData <- iris[idx,-5]

> newData <- newData + matrix(runif(10*4, min=0, max=0.2), nrow=10, ncol=4)
> # label new data

> myPred <- predict(ds, newiris, newData)

> # check the labels assigned to new data

41



> plot(newiris[c(1,4)], col=1+ds$cluster)

> points(newData[c(1,4)], pch="*", col=1+myPred, cex=3)
> # check cluster labels

> table(myPred, iris$Species[idx])

myPred setosa versicolor virginica 0001 1300 2030 3012

2.5 Fuzzy Clustering

E-%] © & = numeric variable? 7} 3t NAZF S SFH = Aol ™ k7l 9] cluster’F A & &

H| observation/27l 7}A] 7} 35}t}.

library(cluster)

## generate 10+15 objects in two clusters, plus 3 objects lying

## between those clusters.

x <- rbind(cbind(rnorm(10, 0, 0.5), morm(10, 0, 0.5)),
cbind(rnorm(15, 5,0.5), rnorm(15, 5, 0.5)),
cbind(rnorm( 3,3.2,0.5), morm( 3,3.2,0.5)))

fannyx <- fanny(x, 2)

## Note that observations 26:28 are "fuzzy" (closer to # 2):

> fannyx

Fuzzy Clustering object of class 'fanny' :

m.ship.expon. 2

objective  13.78395

tolerance le-15

iterations 9

converged 1

maxit 500

n 28

Membership coefficients (in %, rounded):

[L11[.2]

[1,] 97
[2,] 96
[3,] 97
[4,] 87
[5,] 91
[6,] 96
[7,] 97
[8,] 97
[9,] 97

WWWHAOGWAW

—_— —
—
[
N
S

O © O \©
M MO R L 0o

[—
o0
[l
p—
[\
O O
0°]
Lo

19] 5 95
20,] 14 86

e N B s s B B e B s B s W s B |
o
)
e
S U0 O\ 00 00 0
\O
=

42



[21,] 9 91

[22,] 4 96

[23,] 4 96

[24,] 6 94

[25,] 10 90

[26,] 29 71

[27,] 23 77

[28,] 28 72

Fuzzyness coefficients:

dunn_ coeff normalized
0.851417 0.702834

Closest hard clustering:
[(111111111111222222222222222222

Available components:
[1] "membership" "coeff" "memb.exp" ‘"clustering" "k.crisp" "objective"
[7] "convergence" "diss" "call" "silinfo" "data"

clusplot(fanny(x = x, k = 2))
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Component 1
These two components explain 100 % of the point variability.



Silhouette plot of fanny(x = x, k = 2)

n=28 2 clusters C;
nj I ave.ecj S;
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Silhouette width s;

Average silhouette width : 0.81

2.6 Subspace Clustering
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Chapter 4

Association Analysis

4.1 Association Analysis 7l 8.10
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4.2 Association Analysis

> library(arules)
> data(Epub)
> Epub
transactions in sparse format with
15729 transactions (rows) and
936 items (columns)
> summary(Epub)
transactions as itemMatrix in sparse format with
15729 rows (elements/itemsets/transactions) and
936 columns (items) and a density of 0.001758755

most frequent items:
doc_11d doc_813 doc_4c6 doc_955 doc_698 (Other)
356 329 288 282 245 24393

element (itemset/transaction) length distribution:

sizes

1 2 3 4 5 6 7 8 9 10 11 12 13

11615 2189 854 409 198 121 93 50 42 34 26 12 10
14 15 16 17 18 19 20 21 22 23 24 25 26

10 6 8 6 5 8 2 2 3 2 3 4 5

27 28 30 34 36 38 41 43 52 58

1 11 2 1 2 1 1 1 1

Min. 1st Qu. Median Mean 3rd Qu. Max.
1.000 1.000 1.000 1.646 2.000 58.000

includes extended item information - examples:
labels

1 doc_11d

2 doc_13d
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3 doc_1l4c

includes extended transaction information - examples:
transactionID TimeStamp

10792 session_4795 2003-01-02 10:59:00

10793 session_4797 2003-01-02 21:46:01

10794 session_479a 2003-01-03 00:50:38

> Year <- strftime(as.POSIXIt(transactionInfo(Epub)[["TimeStamp"]]),"%Y")
> table(Year)
Year
2003 2004 2005 2006 2007 2008 2009
986 1376 1610 3010 4051 4693 3
> length(Epub)
[1] 15729
> inspect(head(Epub))

items  transactionID TimeStamp
1 {doc_154} session_4795 2003-01-02 10:59:00
2 {doc_3d6} session_4797 2003-01-02 21:46:01
3 {doc_16f} session_479a 2003-01-03 00:50:38
4 {doc_11d,

doc_la7,

doc_f4} session_47b7 2003-01-03 08:55:50
5 {doc_83} session_47bb 2003-01-03 11:27:44
6 {doc_11d} session_47c2 2003-01-04 00:18:04
> inspect(Epub[1:3])

items transactionID TimeStamp
1 {doc_154} session_4795 2003-01-02 10:59:00
2 {doc_3d6} session_4797 2003-01-02 21:46:01
3 {doc_16f} session_479a 2003-01-03 00:50:38

> as(Epubl[1:5],"list")
$session_4795
[1] "doc_154"

$session_4797
[1] "doc_3d6"

$session_479a
[1] "doc_16f"

$session_47b7
[1] "doc_11d" "doc_1a7" "doc_f4"

$session_47bb
[1] "doc_83"

> transactionInfo(Epub([size(Epub) > 30])
transactionID TimeStamp
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11371 session_6308 2003-08-18 07:16:12
13195 session_b391 2005-02-27 00:34:21
15319 session_fe5c 2006-04-16 01:14:28

1785 session_13324 2006-11-14 01:53:17
3867 session_17967 2007-05-22 03:00:10
6869 session_1d082 2008-02-26 03:26:03
8079 session_1f32a 2008-05-18 01:30:06

9236 session_21271 2008-08-18 23:57:26
10405 session_23930 2008-11-23 23:34:13

> data(AdultUCI)
> dim(AdultUCI)
[1]148842 15
> AdultUCI[1:2,]
age workclass fnlwgt education education-num  marital-status
1 39 State-gov 77516 Bachelors 13 Never-married
2 50 Self-emp-not-inc 83311 Bachelors 13 Married-civ-spouse
occupation relationship race sex capital-gain capital-loss hours-per-week
1 Adm-clerical Not-in-family White Male 2174 0 40
2 Exec-managerial Husband White Male 0 0 13
native-country income
1 United-States small
2 United-States small

> AdultUCI[["fnlwgt"]] <- NULL
> AdultUCI[["education-num"]]<-NULL
< 3} column©] §loZlT).

> summary(AdultUCI[["age"]])

Min. 1st Qu. Median Mean 3rd Qu. Max.

17.00 28.00 37.00 38.64 48.00 90.00
> cut(AdultUCI[["age"]],c(15,37,100))

[1](37,100] (37,100] (37,100] (37,100] (15,37] (15,37] (37,100] (37,100] (15,37] (37,100]
(15,37] (15,37]

[13] (15,37] (15,37] (37,100] (15,37] (15,37] (15,37] (37,100] (37,100] (37,100] (37,100]
(15,37] (37,100]

> table(cut(AdultUCI[["age"]],c(15,37,100)))

(15,37] (37,100]
24974 23868

> AdultUCI[[ "age"]] <- ordered(cut(AdultUCI[[ "age"]],
c(15,25,45,65,100)),labels=c("young" ,"middle","senior","old"))

> View(AdultUCI)

> AdultUCI[["hours-per-week"]] <- ordered(cut(AdultUCI[["hours-per-
week"]],c(0,25,40,60,168)),labels=c("part-time","full-time","overtime","workaholic"))
> View(AdultUCI)
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> AdultUCI[[ "capital-gain"]] <- ordered(cut(AdultUCI][[ "capital-gain"]],c(-Inf,
0,median(AdultUCI[[ "capital-gain"]][AdultUCI[[ "capital-gain"]]>0]).Inf)) labels = ¢("None",
HLOWH , "Highll))

> AdultUCI][[ "capital-loss"]] <- ordered(cut(AdultUCI[[ "capital-loss"]],c(-Inf,0,

median(AdultUCI[[ "capital-loss"]][AdultUCI[[ "capital-loss"]]>0]),Inf)) labels = c("none", "low'

Hhighﬂ))

> Adult <- as(AdultUCI, "transactions")
> Adult
transactions in sparse format with
48842 transactions (rows) and
115 items (columns)
> summary(Adult)
transactions as itemMatrix in sparse format with
48842 rows (elements/itemsets/transactions) and
115 columns (items) and a density of 0.1089939

most frequent items:

capital-loss=none capital-gain=None native-country=United-States
46560 44807 43832
race=White workclass=Private (Other)
41762 33906 401333

element (itemset/transaction) length distribution:
sizes

9 10 11 12 13

19 971 2067 15623 30162

Min. 1st Qu. Median Mean 3rd Qu. Max.
9.00 12.00 13.00 12.53 13.00 13.00

includes extended item information - examples:
labels variables levels

1 age=young age young

2 age=middle age middle

3 age=senior  age senior

includes extended transaction information - examples:
transactionID

1 1

2 2

3 3

> itemFrequencyPlot(Adult, support = 0.1, cex.names=0.8)

!
2
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> rules <- apriori(Adult, parameter=list(support=0.01, confidence=0.6))

parameter specification:
confidence minval smax arem aval originalSupport support minlen maxlen target ext
0.6 0.1 1none FALSE TRUE 0.01 1 10 rules FALSE

algorithmic control:
filter tree heap memopt load sort verbose
0.1 TRUE TRUE FALSE TRUE 2 TRUE

apriori - find association rules with the apriori algorithm
version 4.21 (2004.05.09) (c) 1996-2004 Christian Borgelt
set item appearances ...[0 item(s)] done [0.00s].

set transactions ...[115 item(s), 48842 transaction(s)] done [0.04s].
sorting and recoding items ... [67 item(s)] done [0.01s].

creating transaction tree ... done [0.05s].

checking subsets of size 1 234567 89 10 done [0.93s].
writing ... [276443 rule(s)] done [0.05s].

creating S4 object ... done [0.31s].

> rules

set of 276443 rules

> summary(rules)
set of 276443 rules

rule length distribution (lhs + rhs):sizes
1 2 3 4 5 6 7 8 9 10
6 432 4981 22127 52669 75104 67198 38094 13244 2588

Min. 1st Qu. Median Mean 3rd Qu. Max.
1.000 5.000 6.000 6.289 7.000 10.000

summary of quality measures:
support confidence lift
Min. :0.01001 Min. :0.6000 Min. :0.7171
1st Qu.:0.01253 1st Qu.:0.7691 1st Qu.: 1.0100
Median :0.01701 Median :0.9051 Median : 1.0554
Mean :0.02679 Mean :0.8600 Mean :1.3109
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3rd Qu.:0.02741 3rd Qu.:0.9542 3rd Qu.: 1.2980
Max. :0.95328 Max. :1.0000 Max. :20.6826

mining info:
data ntransactions support confidence
Adult 48842 0.01 0.6

> rulesIncomeSmall <- subset(rules, subset = rhs %in% "income=small" & lift > 1.2)
> rulesIncomeLarge <- subset(rules, subset = rhs %in% "income=large" & lift > 1.2)
> length(rulesIncomeSmall)

[1] 10496

> length(rulesIncomeLarge)

[1] 88

> inspect(head(sort(rulesIncomeSmall, by = "confidence"), n = 3))

lhs rhs support confidence  lift
1 {workclass=Private,

marital-status=Never-married,

relationship=Own-child,

sex=Male,

hours-per-week=part-time,

native-country=United-States} => {income=small} 0.01074895 0.7104195 1.403653
2 {workclass=Private,

marital-status=Never-married,

relationship=Own-child,

sex=Male,

hours-per-week=part-time} => {income=small} 0.01144507 0.7102922 1.403402
3 {workclass=Private,

marital-status=Never-married,

relationship=Own-child,

sex=Male,

capital-gain=None,

hours-per-week=part-time,

native-country=United-States} => {income=small} 0.01046231 0.7097222 1.402276
> inspect(head(sort(rulesIncomeLarge, by = "confidence"), n = 3))

lhs rhs support confidence  lift
1 {marital-status=Married-civ-spouse,

capital-gain=High,

native-country=United-States} =~ => {income=large} 0.01562180 0.6849192 4.266398
2 {marital-status=Married-civ-spouse,

capital-gain=High,

capital-loss=none,

native-country=United-States} =~ => {income=large} 0.01562180 0.6849192 4.266398
3 {relationship=Husband,

race=White,

capital-gain=High,

native-country=United-States} =~ => {income=large} 0.01302158 0.6846071 4.264454

> WRITE(rulesIncomeSmall, file = "rulesIncomeSmall.txt", sep = "\t", col.names = NA)
csvE .7 separatorg AH-8-8F= 74 - formato] A1 7F A7) = vlo|H F B o] 2= tab separator
g o] &3ty
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> library("pmml")
> rules_pmml <- pmml(rulesIncomeSmall)
> saveXML(rules_pmml, file = "data.xml")

4.3 Sequence Pattern

> library(arulesSequences)
> data(zaki)
> as(zaki,"data.frame")
transactionID.sequencelD transactionID.eventID transactionID.SIZE  items

1 1 10 2 {CD}

2 1 15 3 {ABC}
3 1 20 3 {ABF}
4 1 25 4 {ACDF}
5 2 15 3 {ABF}
6 2 20 1 {E}

7 3 10 3 {ABF}
8 4 10 3 {D.GH}
9 4 20 2 {BF}

10 4 25 3 {AGH}

> sl <- cspade(zaki, parameter = list(support=0.4),control=list(verbose=TRUE))

parameter specification:
support : 0.4
maxsize : 10
maxlen : 10

algorithmic control:
bfstype : FALSE
verbose : TRUE
summary : FALSE

preprocessing ... 1 partition(s), 0 MB [0.027s]
mining transactions ... 0 MB [0.009s]
reading sequences ... [0.043s]

total elapsed time: 0.079s
> summary(sl)
set of 18 sequences with

most frequent items:
A B F D (Other)
11 10 10 8 28

most frequent elements:
{Ar {D} {B} {F} {B.F} (Other)
8 8 4 4 4 3

element (sequence) size distribution:
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sizes
123
873

sequence length distribution:
lengths
1234
4851

summary of quality measures:
support
Min. :0.5000
1st Qu.:0.5000
Median :0.5000
Mean :0.6528
3rd Qu.:0.7500
Max. :1.0000

mining info:
data ntransactions nsequences support
zaki 10 4 04
> as(s1,"data.frame")
sequence support
<{A}> 1.00
<{B}> 1.00
<{D}> 0.0
<{F}> 1.00
<{AF}> 0.75
<{B,F}> 1.00
<{D}{F}> 0.50
<{D}{B,F}> 0.50
<{ABF}> 0.5
10 <{AB}> 0.75
11 <{D},{B}> 0.50
12 <{B}.{A}> 0.0
13 <{D}{A}> 0.0
14 <{F}{A}> 050
15 <{D}{F}.{A}> 0.0
16 <{BJF}{A}> 050
17 <{D},{B,F},{A}> 0.50
18 <{D}{B}{A}> 0.50

0NN B~ W

O

4.4 Visualization

Association AnalysisE T3 ¢+ 7§ vl % B2 ruleE°]
gk olaf 7t dtel =, B <l el =

Hdolth. olelgt A& Fu HA HIE F U=E AAsE A A @l F= package”t
aruleViz®] t}.
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> library(‘arulesViz')
> data('Groceries')
> inspect(head(Groceries ,n=5))
items
1 {citrus fruit,
semi-finished bread,
margarine,
ready soups}
2 {tropical fruit,
yogurt,
coffee}
3 {whole milk}
4 {pip fruit,
yogurt,
cream cheese ,
meat spreads }
5 {other vegetables,
whole milk,
condensed milk,
long life bakery product}
> summary(Groceries)
transactions as itemMatrix in sparse format with
9835 rows (elements/itemsets/transactions) and
169 columns (items) and a density of 0.02609146

most frequent items:

whole milk other vegetables rolls/buns soda
2513 1903 1809 1715
yogurt (Other)
1372 34055

element (itemset/transaction) length distribution:
sizes
1 23 45 6 7 8 910 11 12 13 14 15 16
2159 1643 1299 1005 855 645 545 438 350 246 182 117 78 77 55 46
17 18 19 20 21 22 23 24 26 27 28 29 32
29 14 14 911 4 6 1 1 1 1 3 1

Min. 1st Qu. Median Mean 3rd Qu. Max.
1.000 2.000 3.000 4.409 6.000 32.000

includes extended item information - examples:
labels level2 levell
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1 frankfurter sausage meet and sausage
2 sausage sausage meet and sausage
3 liver loaf sausage meet and sausage

> rules <- apriori(Groceries, parameter=list(support=0.001, confidence=0.5))

parameter specification:

confidence minval smax arem aval originalSupport support minlen maxlen target

0.5 0.1 1none FALSE TRUE 0.001 1 10 rules
ext
FALSE

algorithmic control:
filter tree heap memopt load sort verbose
0.1 TRUE TRUE FALSE TRUE 2 TRUE

apriori - find association rules with the apriori algorithm

version 4.21 (2004.05.09) (c) 1996-2004 Christian Borgelt
set item appearances ...[0 item(s)] done [0.00s].

set transactions ...[169 item(s), 9835 transaction(s)]| done [0.01s].
sorting and recoding items ... [157 item(s)] done [0.00s].
creating transaction tree ... done [0.01s].

checking subsets of size 1 23 4 5 6 done [0.02s].

writing ... [5668 rule(s)] done [0.00s].

creating S4 object ... done [0.01s].

> rules
set of 5668 rules
> inspect(head(sort(rules, by='lift'),3))

lhs rhs support confidence  lift
1 {Instant food products,

soda} => {hamburger meat} 0.001220132 0.6315789 18.99565
2 {soda,

popcorn} => {salty snack} 0.001220132 0.6315789 16.69779
3 {flour,

baking powder} => {sugar} 0.001016777 0.5555556 16.40807
> plot(rules)
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> plot(rules, interactive=TRUE)

Scatter plot for 5668 rules

confidence

0.01 0.015 0.02 N
support
inspect  filter zoom in zoom out end

> sel <- plot(rules, measure=c("support", "lift"), shading="confidence", interactive=TRUE)

Interactive mode.

Select a region with two clicks!

Select minimum confidence in colorkey.
Nothing selected!

Number of rules selected: 21

lhs rhs support confidence  lift
1 {domestic eggs,
sugar} => {whole milk}  0.003558719 0.7142857 2.795464

2 {tropical fruit,
root vegetables,
other vegetables,

yogurt} => {whole milk} 0.003558719 0.7142857 2.795464
3 {pork,
butter} => {whole milk} 0.003863752 0.7037037 2.754049

> subrules <- rules[quality(rules)$confidence > 0.8]
> subrules
set of 371 rules
> plot(subrules, method="matrix", measure="lift")
Itemsets in Antecedent (LHS)
[1] "{liquor,red/blush wine}"
[2] "{curd, cereals}"
[3] "{yogurt,cereals}"
[4] "{butter,jam}"
[355] "{citrus fruit,tropical fruit,root vegetables,other vegetables,yogurt}"
[356] "{citrus fruit,tropical fruit,root vegetables,whole milk,yogurt}"
Itemsets in Consequent (RHS)
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[1] "{bottled beer}"
[4] "{tropical fruit}" "{yogurt}"

"{whole milk}"

"{other vegetables}"

"{root vegetables}"

Matrix with 371 rules

3

Consequent (RHS)

IW \
Hl

|

I \Hll\d

10

100

150 200 250 300
Antecedent (LHS)

> plot(subrules, method="matrix", measure=c("lift", "confidence"))

Matrix with 371 rules

Consequent (RHS)
w
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> plot(subrules, method="matrix3D", measure="lift")
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lift
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Matrix with 371 rules
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> plot(rules, method="grouped")

LHS
. 3 (Instant food products +2)

4 (processed cheese +2)

Grouped matrix for 5668 rules
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size: support
color: lift

RHS

{hamburger meat}
{salty snack}
{sugar}
{cream cheese }
{white bread}
{beef}
{curd}
{butter}
{bottled beer}
{domestic eggs}
{fruit/vegetable juice}
{pip fruit}
{whipped/sour cream}
{citrus fruit}
{sausage}
{pastry}
{shopping bags}
{tropical fruit}
{root vegetables}
{bottled water}
{yogurt}
{other vegetables}
{soda}
{rolls/buns}

whole milk}
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> subrules2 <- head(sort(rules, by="lift"),10)
> plot(subrules2, method="graph", control=list(type="items"))

Graph for 10 rules
size: support (0.001 - 0.002)
color: lift (11.279 - 18.996)

salty snack

flour

4
. popcorn
soda sugar- b,

baking powder

@

Instant food products

‘ whole milk

Ty domestic eggs

hamburger meat
processed cheese

p: tropical fruit
,butter: , !
29‘ ¢4 white bread
yogurt
other vegetables

ham
whipped/sour cream

8

r

curd
cream cheese
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Chapter 5

Time Series Analysis

5.1 Time Series Analysis 7] 211

5.1.1 Forecasting©| &

| Zo Soll ARAS 2t Aol B Heola A= daf o]+ & A 7|sk gk e
Fele Ed S el e Zota dvte Xk U3, dARE wjEd S d A 25 Y=
<& Data Mining®l| A vl &d| S3hvbal st=X = UTh vl Ed So] §353 7HE & 58
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11 “Big Data Analysis for CRM using R”, 7 73 El|
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5.1.4 TCSI 4

o| &%k Trend, Cycle, Seasonality, Irregularity = 7-%3to] &A1t =3 &2 Trend= "5 &
23131 Seasonality = 913+ WF2 aelafi A oS53 H7FE A= afjof gttt &3] AL ¥
S 7 Addin] S| Atk A Z2bsk=d Trend$}t SeasonalityS 112 31 =2] o
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515374 %
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5.2 Exercise

> data(AirPassengers)
> apts <- ts(AirPassengers,frequency=12)
> f <- decompose(apts)
> f$figure
[1]-24.748737 -36.188131 -2.241162 -8.036616 -4.506313 35.402778 63.830808
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[8] 62.823232 16.520202 -20.642677 -53.593434 -28.619949
> plot(f)

Decomposition of additive time series
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1 1 1 1 1
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Time

Fit an ARIMA (autoregressive integrated moving average) model to a univariate time series,
and use it for forecasting.

arima(x, order = ¢(0, 0, 0),
seasonal = list(order = c(0, 0, 0), period = NA),
xreg = NULL, include.mean = TRUE,
transform.pars = TRUE,
fixed = NULL, init = NULL,
method = ¢("CSS-ML", "ML", "CSS"),
n.cond, optim.method = "BFGS",
optim.control = list(), kappa = 1e6)

Arguments

X
a univariate time series

order
A specification of the non-seasonal part of the ARIMA model: the three components (p, d, q) are the
AR order, the degree of differencing, and the MA order.
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seasonal

A specification of the seasonal part of the ARIMA model, plus the period (which defaults to
frequency(x)). This should be a list with componentsorder and period, but a specification of just a
numeric vector of length 3 will be turned into a suitable list with the specification as the order.

xreg
Optionally, a vector or matrix of external regressors, which must have the same number of rows as
X.

include.mean
Should the ARMA model include a mean/intercept term? The default is TRUE for undifferenced
series, and it is ignored for ARIMA models with differencing.

transform.pars
Logical. If true, the AR parameters are transformed to ensure that they remain in the region of
stationarity. Not used for method = "CSS".

fixed

optional numeric vector of the same length as the total number of parameters. If supplied, only NA
entries in fixed will be varied. transform.pars = TRUE will be overridden (with a warning) if any
AR parameters are fixed. It may be wise to set transform.pars = FALSE when fixing MA
parameters, especially near non-invertibility.

init
optional numeric vector of initial parameter values. Missing values will be filled in, by zeroes
except for regression coefficients. Values already specified in fixed will be ignored.

method

Fitting method: maximum likelihood or minimize conditional sum-of-squares. The default (unless
there are missing values) is to use conditional-sum-of-squares to find starting values, then
maximum likelihood.

n.cond
Only used if fitting by conditional-sum-of-squares: the number of initial observations to ignore. It
will be ignored if less than the maximum lag of an AR term.

optim.method
The value passed as the method argument to optim.

optim.control
List of control parameters for optim.

kappa
the prior variance (as a multiple of the innovations variance) for the past observations in a
differenced model. Do not reduce this.

> fit <- arima(AirPassengers, order=c(1,0,0), list(order=c(2,1,0), period=12))
> fore <- predict(fit, n.ahead=24)

> # error bounds at 95% confidence level

> U <- fore$pred + 2*fore$se

> L <- fore$pred - 2*fore$se

> ts.plot(AirPassengers, fore$pred, U, L, col=c(1,2,4,4), Ity = c(1,1,2,2))

> legend("topleft", c("Actual", "Forecast", "Error Bounds (95% Confidence)"),
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+ col=c(1,2,4), Ity=c(1,1,2))

> require(graphics)
> (fitl <- arima(presidents, c(1, 0, 0)))

Call:
arima(x = presidents, order = ¢(1, 0, 0))

Coefficients:
arl intercept
0.8242 56.1505
s.e. 0.0555 4.6434

> tsdiag(fitl)
Standardized Residuals
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> (fit3 <- arima(presidents, ¢(3,0,0))) # smaller AIC

Call:
arima(x = presidents, order = c¢(3, 0, 0))

Coefficients:
arl ar2 ar3 intercept
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0.7496 0.2523 -0.1890 56.2223
s.e. 0.0936 0.1140 0.0946 4.2845

sigma’2 estimated as 81.12: log likelihood = -414.08, aic = 838.16

tsdiag(fit3)
Standardized Residuals
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> install.packages("forecast")
> library(forecast)
> mining <- read.table("Google Scholar.txt", header=TRUE)

> r <- mining$R
> sas <- mining$SAS

> r.fit <- auto.arima(r)
> r.forecast <- forecast(r.fit,h=>5)
> r.forecast

Point Forecast Lo80 Hi80 Lo95 Hi95
18 17900 17407.10 18392.90 17146.18 18653.82
19 21200 20097.85 22302.15 19514.40 22885.60
20 24500 22655.74 26344 .26 21679.46 27320.54

66



21 27800 25100.29 30499.71 23671.15 31928.85
22 31100 27444.57 34755.43 25509.50 36690.50
> plot(r.forecast)

Forecasts from ARIMA(0,2,0)

30000
1

20000
1

10000
|

> sas.fit <-auto.arima(sas)
> sas.forecast <- forecast(sas.fit, h=5)
> sas.forecast

Point Forecast Lo8 Hi80 Lo95 Hi95
18 21200 16975.5257 25424 .47 14739.224 27660.78
19 10300 853.7884 19746.21 -4146.734 24746.73
20 -600 -16406.5353 15206.54 -24774.010 2357401
21 -11500 -34638.3984 11638.40 -46887.127 23887.13
22 -22400 -53729.5396 8929.54 -70314.396 25514 .40
> plot(sas.forecast)

Forecasts from ARIMA(0,2,0)
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Chapter 6

Text Mining
6.1 Text Mining
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Corpust A A AE ®A] 3= DirSource, VectorSource or DataframeSource * ¥ directory, 2}
vectorak ®=+ data frame (like CSV files)S 53l ¢l E0] A A A o] H}.

> library(tm)
> txt <- system.file("texts","txt" package="tm")
HAEY £419 pass HE Al 28] T 9 mm/text/txt H H E ] ol A 7FAH 2th= A2 3 <
f{h‘/}.
> txt
[1] "/Library/Frameworks/R .framework/Versions/2.14/Resources/library/tm/texts/txt"
> ovid <- Corpus(DirSource(txt),readerControl list(langueage:"lat"))
xt= &3l Yol I B E Aot latino] = H A Y& A sk gloj =t
> ovid
A corpus with 5 text documents
570 417 1A A &= st A EA4 o <175 Sl 18l =5 dH ko] HolHE
Z3] 3t
> ovid[[1]]
Si quis in hoc artem populo non novit amandi,
hoc legat et lecto carmine doctus amet.
arte citae veloque rates remoque moventur,
arte leves currus: arte regendus amor.

curribus Automedon lentisque erat aptus habenis,
Tiphys in Haemonia puppe magister erat:

me Venus artificem tenero praefecit Amori;
Tiphys et Automedon dicar Amoris ego.

ille quidem ferus est et qui mihi saepe repugnet:

sed puer est, actas mollis et apta regi.
Phillyrides puerum cithara perfecit Achillem,
atque animos placida contudit arte feros.
qui totiens socios, totiens exterruit hostes,
creditur annosum pertimuisse senem.
> ovid[[2]]
quas Hector sensurus erat, poscente magistro
verberibus iussas praebuit ille manus.
Aeacidae Chiron, ego sum praeceptor Amoris:
saevus uterque puer, natus uterque dea.
sed tamen et tauri cervix oneratur aratro,

frenaque magnanimi dente teruntur equi;

et mihi cedet Amor, quamvis mea vulneret arcu
pectora, iactatas excutiatque faces.

quo me fixit Amor, quo me violentius ussit,
hoc melior facti vulneris ultor ero:

non ego, Phoebe, datas a te mihi mentiar artes,
nec nos aériae voce monemur avis,

nec mihi sunt visae Clio Cliusque sorores
servanti pecudes vallibus, Ascra, tuis:

usus opus movet hoc: vati parete perito;

M 9} o] BA L ehelol 2 A HAeS FES F ek
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> library(tm)

> getReaders()
[1] "readDOC" "readGmane" "readPDF"
[4] "readReut21578 XML" "readReut21578XMLasPlain" "readPlain"
[7] "readRCV1" "readRCV1asPlain" "readTabular"
[10] "readXML"
9o} &Y readere] T/E &3 W word, pdf, csv 52 TS £A A S joiEd
g ga

> reut21578 <- system.file("texts","crude" package="tm")

Al 28] £ 9] tm/texts/crude T & E 2] o] 4] ¢] o] E0] == 2] %] g},

> reuters <- Corpus(DirSource(reut21578) JeaderControl=list(reader=readReut21578 XML))
XML # 8 & Fall ¢lo]SQlt.

> reuters

A corpus with 20 text documents

> reuters[[1]]

$doc

$file

[1] "<buffer>"

$version
[1] "1.0"

$children
$childrenSREUTERS
<REUTERS TOPICS="YES" LEWISSPLIT="TRAIN" CGISPLIT="TRAINING-SET"
OLDID="5670" NEWID="127">
<DATE>26-FEB-1987 17:00:56.04</DATE>
<TOPICS>
<D>crude</D>
</TOPICS>
<PLACES>
<D>usa</D>
</PLACES>
<PEOPLE/>
<ORGS/>
<EXCHANGES/>
<COMPANIES/>
<UNKNOWN>Y
f0119 reute
u f BC-DIAMOND-SHAMROCK-(DIA 02-26 0097</UNKNOWN>
<TEXT>
<TITLE>DIAMOND SHAMROCK (DIA) CUTS CRUDE PRICES</TITLE>
<DATELINE>NEW YORK, FEB 26 -</DATELINE>
<BODY>Diamond Shamrock Corp said that
effective today it had cut its contract prices for crude oil by
1.50 dlrs a barrel.
The reduction brings its posted price for West Texas
Intermediate to 16.00 dlrs a barrel, the copany said.
&quot;The price reduction today was made in the light of falling
oil product prices and a weak crude oil market,&quot; a company

o]
2R
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spokeswoman said.

Diamond is the latest in a line of U.S. oil companies that
have cut its contract, or posted, prices over the last two days
citing weak oil markets.

Reuter</BODY>
</TEXT>
</REUTERS>

attr(,"class")
[1] "XMLDocumentContent"

$dtd
$external
NULL

$internal
NULL

attr(,"class")
[1] "DTDList"

attr(," Author")

character(0)
attr(,"DateTimeStamp")

[1] "1987-02-26 17:00:56 GMT"
attr(,"Description")

[1]""

attr(,"Heading")

[1] "DIAMOND SHAMROCK (DIA) CUTS CRUDE PRICES"
attr(,"ID")

[1]"127"

attr(,"Language")

[1] "en"

attr(,"LocalMetaData")
attr(,"LocalMetaData")$TOPICS
[1] "YES"

attr(,"LocalMetaData")$LEWISSPLIT
[1] "TRAIN"

attr(,"LocalMetaData")$CGISPLIT
[1] "TRAINING-SET"

attr(,"LocalMetaData")$OLDID
[1] "5670"

attr(,"LocalMetaData")$Topics
[1] "crude"

attr(,"LocalMetaData")$Places
[ 1 ] "usa"
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attr(,"LocalMetaData")$People
character(0)

attr(,"LocalMetaData")$Orgs
character(0)

attr(,"LocalMetaData")$Exchanges
character(0)

attr(,"Origin")

[1] "Reuters-21578 XML"

attr(,"class")

[1] "Reuters21578Document” "TextDocument" "XMLDocument"
[4] "XMLAbstractDocument" "oldClass"

XML 4] 2 T} g tag B meta data?} 78 2] H o] J&& AT 4 qioh.

> docs<-c("This is a text","This another one.", "My name is Eric")

Vector 222~ H-E] g0} 5ol oA & BAFE S docoll A1 @k, 5 370 9] B4 & ¢o] Eo]
= A3 2,

> Corpus(VectorSource(docs))

A corpus with 3 text documents

Vector Source S &3l CorpusE A4 e,

> docsCorpus <- Corpus(VectorSource(docs))

> docsCorpus

A corpus with 3 text documents

> docsCorpus[[1]]

This is a text

Qe A A A A A H AHA FA = “This is a text”d S & 5= AT}

> writeCorpus(docsCorpus)

CorpusE TFE objectoll Al 7FAH 2 74 §- o] & #| %3} LA} 514 default working directory©ll 71
gd 2 AAY. o 51 AR ol 2 THE docse] dF- Laxt, 2.txt ] @ 2] o2 s
o] AT FAWES B WL inspectis S T3l A arrayE A 3| A 485l
2= o] q
T AT

e S ol

> inspect(docsCorpus[1:3])
A corpus with 3 text documents

The metadata consists of 2 tag-value pairs and a data frame
Available tags are:

create_date creator
Available variables in the data frame are:

MetalD

[[11]

This is a text
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[[21]

This another one.

[[31]

My name is Eric
Document Handling

> reuters <- tm_map(reuters, as.PlainTextDocument)

kol A reuter ol Al ol A ¢] o] E<Q1 XML £4 & tm package2] 71591 tm_map= ©] &3l A text
i

> reuters

A corpus with 20 text documents

> reuters[[1]]

DIAMOND SHAMROCK (DIA) CUTS CRUDE PRICES
NEW YORK, FEB 26 -

Diamond Shamrock Corp said that

effective today it had cut its contract prices for crude oil by
1.50 dlrs a barrel.

The reduction brings its posted price for West Texas
Intermediate to 16.00 dlrs a barrel, the copany said.

"The price reduction today was made in the light of falling
oil product prices and a weak crude oil market," a company
spokeswoman said.

Diamond is the latest in a line of U.S. oil companies that
have cut its contract, or posted, prices over the last two days
citing weak oil markets.

Reuter

XML tag7} §lol A1 2 A ¥k text® 2] & 2 W $HE]| Qi T}

> reuters <- tm_map(reuters, stripWhitespace)

> reuters[[1]]

DIAMOND SHAMROCK (DIA) CUTS CRUDE PRICES

NEW YORK, FEB 26 -

Diamond Shamrock Corp said that effective today it had cut its contract prices for crude oil by 1.50
dlrs a barrel. The reduction brings its posted price for West Texas Intermediate to 16.00 dlrs a
barrel, the copany said. "The price reduction today was made in the light of falling oil product
prices and a weak crude oil market," a company spokeswoman said. Diamond is the latest in a line
of U.S. oil companies that have cut its contract, or posted, prices over the last two days citing weak
oil markets. Reuter

S ztke] Hizko] A A ¥ At

> reuters <- tm_map(reuters, tolower)

> reuters[[1]]

diamond shamrock (dia) cuts crude prices

new york, feb 26 -

diamond shamrock corp said that effective today it had cut its contract prices for crude oil by 1.50

dlrs a barrel. the reduction brings its posted price for west texas intermediate to 16.00 dlrs a barrel,
the copany said. "the price reduction today was made in the light of falling oil product prices and a
weak crude oil market," a company spokeswoman said. diamond is the latest in a line of u.s. oil
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companies that have cut its contract, or posted, prices over the last two days citing weak oil
markets. reuter

YEAE 2EAE WY
ESEAL B0l Qe S ORE BYAI|BE of

Avk At & of g

> reuters <- tm_map(reuters, removeWords, stopwords("english"))

> reuters[[1]]

diamond shamrock (dia) cuts crude prices

york, feb 26 -

diamond shamrock corp effective cut contract prices crude oil 1.50 dlrs barrel. reduction
brings posted price west texas intermediate 16.00 dlrs barrel, copany . " price reduction  light
falling oil product prices weak crude oil market," company spokeswoman . diamond  line .. oil
companies cut contract, posted, prices days citing weak oil markets. reuter

> tm_map(reuters, stemDocument)

@

| ~E nlo]g ol = Ao H stop wordeF=Al AT S A = A

ﬂd
N
o
I
)
g,
3
i
N

update= updated, updating 5 2.2 H H Y &o| & 5 3

6.3 Create Term-Document Matrix

j

8101 =% 41 & plain text X 2}, space A A, lowercase = % 2}, punctuation| 7], stopword #] 2]
stemming s = A 2] ¢ Th3ol] A H S} Toj ko] AFE A H = RIEFE 0] 8319 matrix
£ TF=+= Z4 ©] term document matrix 2+ ©] T},

> dtm<-DocumentTermMatrix(reuters)
reuter= 2] 0] E0| 12 M 33F £ 4 = document term matrix = dtm= A4 gk},
> inspect(dtm[1:5,100:105])

A document-term matrix (5 documents, 6 terms)

Non-/sparse entries: 1/29

Sparsity : 97%

Maximal term length: 10

Weighting : term frequency (tf)
Terms

Docs abdul-aziz ability able abroad, abu accept
127 0O 00 00 O

144 0 20 00 O
191 0O 00 00 O
194 0O 00 00 O
211 0 0O 0 00 O

A = document term matrix©| A 212 570 F42] 100H A o] 4] 105HA] Tojo] X = 3
gttt o] 71 A “ability”7} 1449 EA A 28 AR H A= FU T o Aot T o
o] LE EA oA o} g A ¢k7] W&o 23] 3 &2 57 A4 9} 670 Trolol & 17K &
7F 1 AFEE 9l Y A] 2070 = 02 A DT, 22 A sparsity 7} 29/302. 2 96.6%<1 3]
2h=3



> findFreqTerms(dtm,10)

[1] "bpd"  "crude" "dIrs" "kuwait" "march" "mIn" "official" "oil"

[9] "opec"  "pct"  "price" '"prices" 'reuter" "saudi"

108] o] 4 AF&-H ©o] & zH= W o] th findFreqTerms(dtm, 10, 15)2 A 7 3} 109 A] 153
Aol 2 ALg-8 ol 7} 22 € 7] frh,

> findAssocs(dtm,"oil" ,0.65)
oil recent united (bpd) lower minister, opec ecuador, emirates,
1.00 075 072 071 071 071 070 0.69 0.69
estimate named planned pressure prices pricing producer producing published
069 069 069 069 069 069 069 069 0.69
quota. remarks review
0.69 0.69 0.69

> data("crude")
> tdm <- TermDocumentMatrix(crude)
> removeSparseTerms(tdm, 0.2)

removeSparseTerms(x, sparse)°l| A sparse= Z U] sparsitytt O 2 3l & @7HA] = 3] &d . =
02% 45028 9+ 45 AHAl €.

> inspect(removeSparseTerms(dtm,0.4))
A document-term matrix (20 documents, 3 terms)

Non-/sparse entries: 55/5

Sparsity : 8%
Maximal term length: 6
Weighting : term frequency (tf)
Terms

Docs march oil reuter

127 0 3 1

144 0 4 1

191 0 2 1

194 01 1

211 0 2 1

236 2 6 1

237 1 2 1

242 1 3 1

246 1 2 1

248 1 8 1

273 1 5 1

349 1 4 1

352 1 4 1

353 1 4 1

368 1 3 1

489 1 5 1
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502 15
543 1 3
704 1 1
708 1 2
6.4 Dictionary

Dictionary & 572 {259
= F71e 7+ o

s

—_

> d <- Dictionary(c("prices","crude","oil"))
> inspect(DocumentTermMatrix(reuters, list(dictionary=d)))
A document-term matrix (20 documents, 3 terms)

Non-/sparse entries: 41/19
: 32%

Sparsity

Maximal term length: 6
Weighting

Terms

Docs crude oil prices

127
144
191
194
211
236
237
242
246
248
273
349
352
353
368
489
502
543
704
708

Dictionary®| price, crude, oil&°] & 5=

—_ O WO OO MNMNOMNMNAOANDODOODO=O R WONN

3

D — LWL WEA DR OUVMOONWNDANRFNDPB

: term frequency (tf)

SN WOV O~R,NDOPR,UNO—=,ONOOONDW

g 243},

6.5 Sentiment Analysis

¢}

2 text mining©l| Al A5 = Tl 9] F golt}. o 7] 9

I 3l & dictionary & ©]-8-3l 4] document term matrix
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Sentiment Analysis, Opinion Mining 2.2 <1535}
3} 35 o) ol whek vk} 3 A el Bol 7} wol
H91A £ F7hee) o) & o] 830 EEEE LR

W&ol th Bl A AREE Tho )
EA19] o & scores HF-oste] &

b

% ]
o] TAQl Fol7t T st= 1
Ql
%

L3

7%

A

oot A5 BT 7 At 24 39 T UAA A AA = FA o whet th2A] )
g g ) AfAbe] Bl = 7} apple©] 2 73 A7} samsungo] - context’g ol A G /5%
AR Egd F Stk ol ST B3 S A E A5 /NE £/ Aol disl
Me /77 A2 & Aok 18y g %HEC’]L} Ho|H & 7Fgsle 4% 1 Fol & B
=d = 2 5271 glth. WhEhA], sentiment analysis©l] T3l vl - F8 4d 28 = Oi\i‘r

dA 2= e o o gk Aol A<} twitter 4 2] sentiment analysisZd 2 & Bl W ol = W8-S
Ab-&-staat gkt

Acsl ¥

/\/ The American Customer Satisfaction Index™

Previous | First

Base: | 95 96 |97 |98 |99 |00 |01 |02 |03 |04 05|06 07 08 09|10 11| Yo | Year

B Change | Change

Hilton 75 75 |75 |75 |72 |74 |77 |74 |76 (74 |77 |76 |78 |76 |78 |79 80|80 0.0 6.7
Starwood NM | NM|NM NM NM | NM 73 (71 |69 |73 |73 |75 |75 |76 |74 |74 77|79 26 8.2
Marriott 80 76 |77 |76 |76 |77 |74 |77 |76 |76 |76 |76 |75 |79 |78|77 (80|79 -1.3 -1.3
Hotels 75 |73 (72 |71 |71 (72|72 |71 (71|73 |72 |73 |75 |71 (75(75|75|77 27 27
Hyatt 76 75 |77 |77 |75 |73 |74 |73 |75 |77 |74 |74 |75 |77 |78|74 79|77 -25 13
All Others NM (73 |71 |71 |70 |71 |72 |70 |70 |72 |71 |73 |76 |70 |76 |76 |74 |77 41 55
InterContinental NM | NM | NM | NM NM|NM | NM NM| NM| NM NM| NM NM NM|74 75 78|76 -26 27
Best Western 74 |70 |NM|NM NM | NM | NM| NM | NM| NM NM NM| NM NM| 70 75|76 76 0.0 27
Choice NM | NM|NM | NM NM| NM | NM NM| NM| NM NM| NM NM NM|71 76 74|74 0.0 42
Wyndham NM | NM | NM | NM NM| NM | NM NM| NM| NM NM| NM NM NM| 70 70 70|73 43 43
Holiday Inn 69 |69 |[NM NM |69 68 71 |71 |69 72|73 |69 72|72 | # N/A N/A
Promus Hotel 82 |80 |83 |77 |78 |79 # N/A N/A
Ramada 70 |69 |70 |64 |67 |67 |69 |66 |67 |70 |67 |66 | 70 |69 | # N/A N/A

Score tables print best in landscape.

Legend
NA  Not available

# Company merger
1 Company defunct
NM Not measured

A Industry aggregated

> library(twitteR)

twitteR package+ twitter APIO 7 &3l A] %] B3] 2] 3} &= package = ROauth package$} 2] A}

838 A3 messageS postingdt A Y DA o1 g o] ] A 2] limitationS 2] A A 2] &

UAAH .

> hilton.tweets <- searchTwitter(" @hilton" ,n=1500)

@hilton= 53 W82 2o 150071 2] messageE 7H4 £FA] hilton.tweetell A 73k}, 12}
AAZ= dFE 150071 & 7 @A) Xt} o] = A &3 Al % /ip address 5l &3l €7 A1 T
T ARG ol mhet A s A o' Al gk T

> length(hilton.tweets)

[1] 267

26771 ] HIAIA & 7FA gk S € Tt

> class(hilton.tweets)

[1] "list"
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> hilton.tweets[1:5]
[[1]]

[1] "IsaKjellsdotter: Simon pa @Hilton i #Malmé vilken servitor! Fler killar som han och vérlden
skulle se annorlunda ut! Fantastisk (Ping @HiltonStockholm )"

[[21]
[1] "7amad999: @Hilton"

[[31]

[1] "BirinciSeval: @hilton dalaman"

[[4]]

[1] "terlanorucov: @Hilton Baku"

[[51]
[1] "ntake1966: ¥ 7o1T & 7=\ 7 & @Hilton Times Square http:/t.co/iLWLZgor"

570 2] WAl A & FAI G A -0l o

> tweet<-hilton.tweets[[1]]

> tweet$getScreenName()

[1] "IsaKjellsdotter"

| & tweet 8= ©] &3 A screen name 3 & 714 2}

> tweet$getText()

[1] "Simon pa @Hilton i #Malmd vilken servitor! Fler killar som han och virlden skulle se
annorlunda ut! Fantastisk (Ping @HiltonStockholm )"

3 tweet H-&- 0.2 W A] 2] o] Bl AE S 712 20} o] 2| g 7] 5 O 2 3 tweet T A&7}
AFEE 7H & 5 ATk

> library(plyr)
plyr< splitting, applying and combining data -8 %= % A}-8-3} = package©] U}

> hilton.text <- laply(hilton.tweets, function(t)t$getText())

7HA & A twitt ] 88 o] &3 A textTHS FZ 3 A hilton.txtol] A 33T},

> head(hilton.text,3)

[1] "Simon pa @Hilton i #Malmo vilken servitor! Fler killar som han och virlden skulle se
annorlunda ut! Fantastisk (Ping @HiltonStockholm )"

[2] "@Hilton"

[3] "@hilton dalaman"

textt] & Zoll A Skl A 37HRE-E 714 2. A 07l & 7 2811 til= ©] &3 E )

> pos.word=scan("./positive-words.txt", what="character", comment.char=";")

Read 2006 items

> neg.word=scan("./negative-words.txt" ,what="character" ,comment.char=";")

Read 4783 items

3%, 24 BAE Gol Al U< g0l M AF e Ei webel A 27 7hA et

>pos.word = scan('/Users/marcinkulakowski/Downloads/r/positive-

words.txt' ,what="'character' comment.char=';')
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>neg.word = scan('/Users/marcinkulakowski/Downloads/r/negative-
words.txt' ,what="'character' comment.char=';')

> pos.words <- c(pos.word,"upgrade")
> neg.words <- c(neg.word, "wtf","wait","waiting","epicfail","mechanical ")

7% 243 5 dol 1ol ol w2 W 4 ol i} F7} ko] B A e}

ofeff &2 3/ Dol ol &l 58 FH FA ol hek scoreE Holote FRIOR
typing= | A @31 A FH LS o] &3 A 2 A loadingste] * 2] g+t
>score.sentiment = function(sentences, pos.words, neg.words, .progress='none')

{
scores -] & WMol FH o] HAtho] 52 G35l progresss A T AR & A gt

o},

require(plyr)
require(stringr)

# we got a vector of sentences. plyr will handle a list

# or a vector as an "l" for us

# we want a simple array ("a") of scores back, so we use

# Hl" + HaH + leyH - Hlaplyﬂ:

scores = laply(sentences, function(sentence, pos.words, neg.words) {

157 ol Wt scoreS returndlt == 3T

# clean up sentences with R's regex-driven global substitute, gsub():
sentence = gsub('[[:punct:]]', ", sentence)

rn

sentence = gsub('[[:cntrl:]]', ", sentence)

sentence = gsub("\\d+', "', sentence)

TRy 5778, SAHEAE = Rl 2 o A gk,
# and convert to lower case:
sentence = tolower(sentence)

Tl E AVA 3} vl w37 Y@l lower case = W 3H3HTY

# split into words. str_split is in the stringr package
word.list = str_split(sentence, "\\s+')

# sometimes a list() is one level of hierarchy too much
words = unlist(word.list)

TS To] faER Mgt

# compare our words to the dictionaries of positive & negative terms
pos.matches = match(words, pos.words)
neg.matches = match(words, neg.words)

Sol5g 30 Fg ol sh vl wate] A5E A YT,

# match() returns the position of the matched term or NA
# we just want a TRUE/FALSE:
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pos.matches = !is.na(pos.matches)
neg.matches = !is.na(neg.matches)

# and conveniently enough, TRUE/FALSE will be treated as 1/0 by sum():
score = sum(pos.matches) - sum(neg.matches)

Y3} P ol ol B Aol B WESD Fel Frh.

M

return(score)
}, pos.words, neg.words, .progress=.progress )

scores.df = data.frame(score=scores, text=sentences)
return(scores.df)

}
Ao A4S data frame I H 2 =S8 U},

>

sample=c(" You'reawesomeandlloveyou","lhateandhateandhate.Soangry.Die!","Impressedandamaze
d:youarepeerlessinyourachievementofunparalleledmediocrity.","I love you")

> result <- score.sentiment(sample,pos.words,neg.words)

> result$score

[1]000 1

219 U &2 H =9 sample = sampleoﬂ A 7E E7E ol U3l sentimental analysisE 53] ¢+
= BAFT dolSo] Bolde AES 7= oA ol 022 A2 ¥ il dol 7} &0 ¥
o] = 4aHA 2 5 o °1 love7} 017} Shoi A 13 o] Fodrt mhehA], el 5%
I Y7 EA T A5 s Bol S0l led g o' A

>hilton.text <- hilton.text[!Encoding(hilton.text)=="UTF-8"]
>hilton.scores=score.sentiment(hilton.text,pos.words ,neg.words,.progress="text')

| 100%

> hist(hilton.scores$score)
tweet | &5 27 45 2HE3) A histogram= AF=3F A3} SH A0 Y &S A2l B
A g0l o Bas & AT

Histogram of hilton.scores$score

150
1

100
1

Frequency

50

hilton.scores$score

80



> hilton.scores$hotel="Hilton'
> hilton.scores$code="HL'

> library("ggplot2")

> gplot(hilton.scores$score)

# Intercontinental

intercontinental tweets=searchTwitter(' @interconhotels',n=1500)
class(tweet)

intercontinental .text=laply(intercontinental .tweets function(t)t$getText())

intercontinental .text <- intercontinental .text[Encoding(intercontinental.text)=="UTF-8"]
intercontinental .scores=score.sentiment(intercontinental .text,pos.words,neg.words,.progress='text')

intercontinental .scores$hotel='Intercontinental’

intercontinental .scores$code="IC'

ol F A Zt S ¥ 9 twitterol| A o] H#H2 A5l A H o] A&} cross-check2 FF O 2A AL
AR YO = AT ol AEH o E &8t T feedbacks 2 T AUTH AEH Y9
A BZ scrapst™] ©]& graph= 18] & W &2 o|H o o F%] gF7| = g}

6.6 3=+ g1z

& text mining package = KoNLP7} 1T}, o[ Al &= 7 8] ' & siteol| 4| 7F4 $ka1 ] o] H
M2 a4 2 ek

H

library(KoNLP)
library(arules)
library(igraph)
library(combinat)

f <- file("d7_2] 1 ¥ txt", encoding="UTF-8")
fl <- readLines(f)

# text line 2 f= F-E] 2] o] oA flol] A 3t}
close(f)

#elol=d 9 fE close$tTt.

tran <- Map(extractNoun, )

#2o = i Gl A HALE F=30
tran <- unique(tran)

# 2RI dl o] ¥ & uniquestAl THET}
tran <- sapply(tran, unique)

# 211 9] H ©] Bl & uniquestAl THET

12 http://freesearch.pe kr/archives/2726
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tran <- sapply(tran, function(x) {Filter(function(y) {nchar(y) <= 4 && nchar(y) > 1 &&

is.hangul(y)}.x)} )
#2740 A 42 ApAol o) G dofut- Ael gt

tran <- Filter(function(x){length(x) >= 2}, tran)
names(tran) <- paste("Tr", 1:length(tran), sep="")
# tran list2] name®l| “Tr’3} oW & 2 gslo] 4 H s},

wordtran <- as(tran, "transactions")
# tran H] ©] B] & arules package®] apriori()E ©]-&-3l| association analysisE 3}7] 93l transaction
type o2 YA ST}

#co-occurance table
wordtab <- crossTable(wordtran)

# T 59 cross tables B 5Fo] o] ALEEH & ol 55 3o E F =5 g},
ares <- apriori(wordtran, parameter=list(supp=0.2, conf=0.1))

AT A 1A & el 52 aprioris ©]-8-3 4] wordtran H ©| B Foll A Rl =47} 20%°©] %
ola 3| F Tl 7} = ThE Tolrt Zo] = FEC] 10% ©174S] 1HE =& S ¢
T}. Support®} confidence S 10%, 10%= A7 g 74 3 175470 9] rule°] =T 5% T T2 =
R AR e A5 Aol 3 efEet AP EH 5ol FEHSHATE 20%2F 10%= A7 g
747 12970 ruleo] =E 5 A v 2] F-Zo tf g warninge]| $1ATEH & A A7 AFE-S 2
& 64bitell 16GB RAM $H73o|t}. whebA i specolote] HAFFEIANA Al&ote= 74 ¢
supportE U =/ S8 - | 2Y 2~ A8 o] Q e FFoE 46 Ht o]
of mhet Al G FAgke]l UF 2o ARrt EE2H A e 7 &= Ut F3E aprioriE ©] 8
< A4 g o] §lth. FP-Tree S 64bit $H74 ol A 64GB ©] 3] W 22| & zta 3lofok
FALE] sku level9] Tt A2 2ra & &3 HolHE A& F AUt
4 SHAAM T - F 317} g,

o

inspect(ares)
# TAHAES 17 3= inspectd o] & A&t 23 = A
confidence, lift7} 3£ A] ® T}, Lift+= random3} Al FZ 3 rule 2.t} 34

o},
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6.7 Exercise

library(twitteR)
rdmTweets <- userTimeline("rdatamining" ,n=2000)

# rdatamining AF-8-2F 17 2] U182 200071 7HA] 7FA &k H o] 3k 320022 117 = of Q)
=3

nDocs <- length(rdmTweets)
rdmTweets[1:3]

for (iin 1:5) {
Cat(paste(" [[H ’i,l‘]] n ,Sep:" "))
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writeLines(strwrap(rdmTweets[[i]]$getText(),width=73))
by

df <- do.call("rbind" Japply(rdmTweets as.data.frame))
# tweet= 7FA 2 W85 data framed 2] © 2 # A3}

dim(df)

library(tm)

myCorpus <- Corpus(VectorSource(df$text))
myCorpus <- tm_map(myCorpus, tolower)

myCorpus <- tm_map(myCorpus, removePunctuation)
myCorpus <- tm_map(myCorpus, removeNumbers)

removeURL <- function(x) gsub("http[[:alnum:]]*","" x)
#hipE AAE = Akt BAE S WIZEC 2 A8t URL A A 55 4 o et

myCorpus <- tm_map(myCorpus, removeURL)

nn

myStopwords <- C(stopwords('eng_lish‘), "available","via")
# stop word®l available?} viag 57} 3t}

1dx <- which(myStopwords %in% c("r","big"))
myStopwords <- myStopwords[-idx]
# ro] 4 bige] & ©o] Z stop wordoll A A £] g+t

myCorpus <- tm_map(myCorpus, removeWords,myStopwords)

myCorpusCopy <- myCorpus
myCorpus <- tm_map(myCorpus, stemDocument)
for (iin 11:15) {
Cat(paste("[[" ,i,"]]" , sep:""))
writeLines(strwrap(myCorpus[[i]],width=73))
b
myCorpus <- tm_map(myCorpus, stemCompletion, dictionary=myCorpusCopy)
inspect(myCorpus[11:15])

miningCases <- tm_map(myCorpusCopy, grep, pattern="\\<mining")
sum(unlist(miningCases))

minerCases <- tm_map(myCorpusCopy, grep, pattern="\\<miners")
sum(unlist(minerCases))

myCorpus <- tm_map(myCorpus, gsub, pattern="miners" replacement="mining")
# miners & mining & 2 T A| gk},

myTdm <- TermDocumentMatrix(myCorpus, control=list(wordLength=c(1,Inf)))
# Term document matrix & 2}/d st=H ©@o] o] # 4 o] = 19M Hol = F3Hdl 2 X % 3o},

myTdm
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idx <- which(dimnames(myTdm)$Terms=="r")
inspect(myTdm[idx+(0:5),101:110])

findFreqTerms(myTdm,lowfreq=10)
termFrequency <- rowSums(as.matrix(myTdm))

termFrequency <-subset(termFrequency, termFrequency >=10)
# = 7E107) 0] 49l Tl 5o RS vET

library(ggplot2)
gplot(names(termFrequency) termFrequency,geom="bar") + coord_flip()
barplot(termFrequency, las=2)

findAssocs(myTdm,'data',0.25)
findAssocs(myTdm, mining',0.25)

library(wordcloud)
# word cloud package= ©o] S5 ©] & H/ﬂ AL SRl =40l w2} 2718 Y24 3l A randomst
Al ARG A dFa A FAE T 7] 5ol t

m <- as.matrix(myTdm)

wordFreq <- sort(rowSums(m),decreasing=TRUE)

grayLevels <-gray((wordFreq+10) / (max(wordFreq)+10))
wordcloud(words=names(wordFreq) freq=wordFreq,min.freq=3, random.order=F,
colors=grayLevels)

myTdm2 <- removeSparseTerms(myTdm,sparse=0.95)

m?2 <- as.matrix(myTdm?2)
# m2¥A T = Th3- chaptero| A = AF&- 37 o] B 2 A A}l 7] vlgie.

distMatrix <- dist(scale(m2))
#scale= 73} 3t ol &9 distanceE 3T},

fit <- hclust(distMatrix method="ward")
# clustering= A A| g+t

plot(fit)
rect.hclust(fit k=10)
# clustering= 1071 F o2 Fof £}

(groups <- cutree(fit,k=10))

m3 <- t(m2)

k<-8

kmeansResult <- kmeans(m3 k)
round(kmeansResult$centers,digit=3)

for (iin 1:k) {
cat(paste("cluster ", sep=""))
S <- sort(kmeansResult$centers[1 ,] . decreasing=T)
cat(names(s)[1:3],"\n")

1 H n

84



library(fpc)
pamResult <- pamk(m3, metric="manhattan")
(k <- pamResult$nc)

pamResult <- pamResult$pamobject

for (iin 1:k) {
cat(paste("cluster ",i,": "))
cat(colnames(pamResult$medoids)[which(pamResult$medoids[i,]==1)],"\n")

}

layout(matrix(c(1,2),2,1))

plot(pamResult, color=F, labels=4, lines=0, cex=.8, col.clus=1 ,col.p=pamResult$clustering)

layout(matrix(1))
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Chapter 7
Social Network Analysis

o| ¥ chapteroll 4] = igraph & ©]-&%F Rl A1 9] social

. _ network analysisE TFF3LA} g}, ROl A] social

“Social Network AnaIyS|S network 2 THEE package® )% thaksith, 18]

7F ROIM 7+S Fefet £2 U BE= packageE THE o gitta AztetH

o| obd”t et U A U2 A o] 22 Q1 Hj 7l /ﬂ%o}‘:} K

social network analysisE &%t insightE €=t ©]

o] Atk Azgitt, Faghd de HolH &

1:]1 T3l Al ©] & social network graph= # 2] 5ta1 &/d o] whe} 1 ZE thFsiA A g

to 24 on] )= insightE =4 T8ttt AZhstth, £2 %3 28 = Stanford
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oyl I ol A A A2 27| E T B EiFol gt thFA] ek
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7.1.1 8017 9]

24 U E Y-S node = vertex 9} link =€ edge® 7Y 222, =2s 1, 3= 1L

AL aA4ZEe]l AAR FAE & Utk 2 FA7F WEdo]l A=A leAd wet

directed, undirected = & = vt o] 2 gk WAl © i E’\] /‘}Oﬂ A AxLZio]l Ba A ghe A

s} 3 B7} C3HE] &4 EW 3 C7F AGHH] ﬂi} =59 dHE LzEfﬂr HAZ T

A8t shuvhe] g =7t ¥ = Aol BAlAL A 9 gt 7&4 3} glo| g7} = Ad) 23}
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A ekt
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13 “Big Data Analysis for CRM using R”, 7 73 El|
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>m2[5:10,1:20]

Docs
Terms 1234567891011 121314151617 1819 20
examples 10011000000000010000
introduction00000000000000100000

mining 01010000111 111000000
network 10000000000000000000
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package 100000000000000000O0 1
parallel 000010000000000000 11

>m2[m2>=1] <-1

@ol7t £ A ALEE BFE AR A R 20, 18k S 3
> termMatrix <- m2 %*% t(m?2)
9] 9] matrix 32 = ©] &3 Tojo} Tdojzte] 2 WA AT 18] 1 ¢() 4 transpose
g4t}
> termMatrix[5:10,5:10]
Terms

Terms examples introduction mining network package parallel

examples 21 2 6 3 3 1

introduction 2 11 2 2 0 0

mining 6 2 55 ] 2 1

network 3 2 1 16 2 0

package 3 0 2 2 17 2

parallel 1 0 1 0 2 9

W 3HH matrix®] E4S W oW Wol 7} ThE wol o kR ALEH A B & 4 9t

> library(igraph)

> g <- graph.adjacency(termMatrix, weight=T, mode="undirected")

Matrix Bl | E] & o] &l A TP ZE At} o 714 2 o] W 2 whof o] A}
Aol gle B2 unidirectedZ Rt =5 27 S T

> g <- simplify(g)
sk A7 7] 8l AbE-sthe el o

> V(g)$label<-V(g)$name

> V(g)$degree <-degree(g)

> V(g)$degree

[1]113 3 81412 9161212 8 77 912121212

Social network®| A A & 1} 2 = measure®| t}. 3l & node == Vertex7} et A ﬁﬂoi A=
Aol th gk gko]th. ‘FAl Aol A o] CDROIA = &} Ei}‘)r TAE 2 T3 T2 uniquedt A 3}

HS ‘l“ﬂ'—’ 621' SA 1:1’

> layoutl <- layout.fruchterman reingold(g)

Graph drawing= 913l verticies®] 91XE 2% s}t
layout kamada kawai & THE& Ul &%= o 1Jr Zhets] e A om| A v A= OHTL. g0
t}. o] & 3t layouts A 2]k 2 1'F plot= 3 random seedE A% O}R] to ™ v
random3d}7| graphE E o Foh A EH o) n] Qlo] BG4 = jlo on] gle W&ot

rlr

?lr“v‘d kol t}, layout T o=

ol
—l—’ —
ed

> plot(g,layout=layout1)

ofgf] 2= o] 2 3 layouts A &3] drawingdt Abel| Q1 Ul parallel®} computing©] ¥ o]
Ut 54 ,\/\9)?‘1 research®} postdoctorale] T o] &5 Kol o3t Y82 3l
AT 2 & 4 glom o] g e profile <] ]7]' UA H}. o] 2] 3 social network
graph®] 7 - o] & ?ﬂ' 7“ A2 community2F L M, 2} === community©l| A role©] 2] 7} €
t}h A EE50] A1l 9 communltyﬂ' T2 community®]] 25 AZe] =2 AL influencer, &
el A WiFelA] A7) == AZ4" AL Y community] A leader position©] 3L
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community$} communityE AZAI=U AlEEHE == bridge9 @S St =211,
community©| A E&tol] Y X3t =2 theFl = o} AAE ] A2 passivedtthal & 9]
gk 4= gt} ‘;}01 7F oty A o2 AZFskbH $-2] = social marketing= 913l influencer}
local leader &=+ bridge =2 & marketing= 3l oF ] &-& 2 L A o|t},

plot(g,
layout=layout.kamada.kawai)

> V(g)$label.cex <- 2.2 * V(g)$degree / max(V(g)$degree) + .2
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Vertecies2] label 7] & Z A verticesol| A # t degree 2] vl &2 A7]| & xHE 3} af| A Al 24

Z3E S} & A f-ol

> V(g)$label.color <- rgb(0,0,.2,.8)
> V(g)$frame.color <- NA
> egam <- (log(E(g)$weight)+.4) / max(log(E(g)$weight)+.4)

AZAslE link =€ edge®] 71 2HH 3 A3t ol & HAH R tEA &8

> E(g)$color <- rgb(.5,.5,0,egam)
> E(g)$width <- egam
> plot(g,layout=layout1)

application s
research
poSitions
data
postdoctoral o gme
MIAN Zpagkage
analyms computing
network
exafnples
sacial tuforial pdfalle]
using
slides

introduetion

idx<-which(dimnames(termDocMatrix)$Terms %in% c("r", "data", "mining"))
#r7} data === mining ©o] 7} o]t of] 91=4] index #k= idxoll A &3t}
M <- termDocMatrix[-idx,]

# &l G Qe o] Tho] & matrixel| A A A gt

tweetMatrix <- t(M) %*% M
# 3l g o =9 matrixE T/ St}

library(igraph)
g <- graph.adjacency(tweetMatrix, weight=T, mode="undirected")
V(g)$degree <- degree(g)
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g <- simplify(g)

V(g)$label <- V(g)$name
V(g)$label.cex <- 1
V(g)$label.color <- rgb(.4,0,0,.7)
V(g)$size <-2

V(g)$frame.color <- NA
barplot(table(V(g)$degree))

50
|

30
|

20
1

10
|

o - L

HDHDDDDDDHDDDDDDDDDDDDDDDDDDDDDD

0 22 5 63

Simplify &<+ loopH multiple edge S A A &l A} ©<=3}A] el =t}. 0¢] Fho] AL B o] F &=
sparcityl] ]3] 214 ® 7 $-0] 7] wj Fo|t}.

idx <- V(g)$degree==0

# Degree”} 091 vertices2] index&
V(g)$label.color[idx] <- rgb(0,0,.3,
# Degree”} 021 73 -7 label A 7<=
gt

V(g)$label[idx] <- paste(V(g)$name[idx], substr(df$text[idx],1,20),sep=": ")
# Degree”} 021 73 -l labelol]l 29} Y &0 2 FA| ot = 5 g},

egam <- (log(E(g)$weight)+.2) / max(log(E(g)$weight) +.2)

# Edge weight H] Zo| we} gh= &3t

E(g)$color <- rgb(.5,.5,0,egam)

E(g)$width <- egam

layout2 <- layout.fruchterman.reingold(g)

plot(g,layout=layout2)
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# Degree7} 022 A 2] H AE2 W9 text7} A H 2 YA &=

A=

g2 <- delete.vertices(g,V(g)[degree(g)==0])
# degree”} 091 vertices”| 2H#l| E T},
plot(g2, layout=layout.fruchterman.reingold)
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# 727 o & =2y A drawing® o

g3 <- delete.edges(g, E(g)[E(g)$weight <=1])
g3 <- delete.vertices(g3, V(g3)[degree(g3)==0])

A o] wke} networke] 1

92



# U <=3} 617] 918l Al edge weight7} 1H.TF 22 7 9-9} vertices2] degree”} 021 73 5~ A4
El=

plot(g3, layout=layout.fruchterman.reingold)
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IN-

Aol 2 =5 B ot F50l ] O3 T AFES E T Ut ol JHE &
= B olg o o] &Ql& 4= Qlt}. 3}1t+= parallel computing & %= social network
analysis©l| o3l A5 3 communityd & & 4~ T}

> df$text[c(5,19,22,23,24,28)] # parallel computing

[1] "A Simple Example of Parallel Computing on a Windows (and also Mac) Machine http://t.co/
T9Tcw2Fi"

[2] "Easier Paralle]l Computing in R with snowfall and sfCluster http://t.co/BPcinvzK"

[3] "Parallel Computing with R using snow and snowfall http://t.co/nxp8EZpv"

[4] "State of the Art in Parallel Computing with R http://t.co/zmClglqgi"

[5] "Slides on Parallel Computing in R http://t.co/AdDVxbOY"

[6] "The R Reference Card for Data Mining is updated with functions & packages for handling big
data & parallel computing. http://t.co/FHoVZCyk"

> df$text[c(32,34,35,40,43,46,47,85)] # social network analysis

[1] "A statnet Tutorial for social network analysis http://t.co/dg3SJgEV"

[2] "Tutorials on using statnet for network analysis http://t.co/v7bsEkJx"

[3] "Slides on Social network analysis with R http://t.co/QFC6Y6C3"

[4] "Post-doc positions at NTU Singapore on distributed systems and social network analysis http://
t.co/KFsAydKd"

[5] "Postdoc Position in Social Network Analysis, Tartu, Estonia http://t.co/GXONnxNv"

[6] "Examples on R for Social Network Analysis: http://t.co/19dcdvzp"

[7] "An online textbook on Introduction to social network: http://t.co/WRMXV19y"

[8] "Vacancy of Research Scientist - Natural Language Processing & Social Network Analysis,
CSIRO, Australia http://t.co/FumQEQSy"
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graph.incidence= ©}&l] & 22 & 2] © 2 bipartite graph S A 3
> inc <- matrix(sample(0:1, 15, rep]=TRUE), 3, 5)

0,19] k2.2 3 by 59| matrixE randomd} 4| A3 4 g+t
> colnames(inc) <- letters[1:5]
AFAta,b,c,d, e’F A HT

> rownames(inc) <- LETTERS[1:3]
&4+ A, B, C7F A3 €Tt

> eric <- graph.incidence(inc)
g ZE A3

> plot(eric)

aH =& Y,

> inc

abcde
A00101
B0100O
C10101

g <- graph.incidence(termDocMatrix, mode=c("all"))
nTerms <- nrow(M)

nDocs <- ncol(M)

idx.terms <- 1:nTerms

idx.docs <- (nTerms+1):(nTerms+nDocs)
V(g)$degree <- degree(g)

V(g)$color[idx.terms] <- rgb(0, 1,0, .5)
V(g)$size[idx.terms] <- 6

V(g)$color[idx.docs] <- rgb(1,0, 0, 4)



V(g)$size[idx.docs] <- 4
V(g)$frame.color <- NA
V(g)$label <- V(g)$name
V(g)$label.color <- rgb(0, 0,0, .5)

V(g)$label.cex <- 1.4*V(g)$degree / max(V(g)$degree)+1

E(g)$width <- .3
E(g)$color <- rgb(.5, .5,0, .3)
plot(g, layout=layout.fruchterman.reingold)

> V(g)[nei("mining")]

Vertex sequence:

[1] H2l|

ll4|l

H9H
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107 7 o 160
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lll()l! Hlll! H12H lll3" l|14|l H28H H29H H31H H51H ||52H ll58¥l H59H
[16] ||61H H62H H66|| H71l| |l75H H77H ||78|l H79|| U81H |l82!| H86ll ||89H l|92¥| H94|| H96ll

[31] ||99H l|102|l l|103ll H]04ll ‘!106" H109H H]20ll H122H ||124H H133H H135H ||136H |!140H H142H ||144H
[46] ||145H Ill48” H149H H154H H155H H159|| l|165|l Hl67!l ll168|| l|1701|

mining¥H ¥ F EE neighborg EA| 8F= #H o] o},

> (rdmVertices <- V(g)[nei("mining") & nei("data")])
Vertex sequence:

[1] H2ll

II4H

H9H

[31] ll‘l35" Il‘l4OH H149|| ||154H ||]55H H159|| ll‘l65" ||]67H |l168|| H17OH

HlOll Illlll H12H ll28" ll29|l H31H HSIH |152H H58ll H61H H62H H66l|
[16] ||71|! ll75¥l H77|| l!79ll ”81” "82” H86" H94|| H99|| H104H H106" ||109H ”120” H122|| H133H
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i
e

B= ol

o] 2] -2 mining?} data¥# W] 8- EZ 3o}

> df$text[as.numeric(rdmVertices$label)]

[1] "Job on Artificial Intelligence and Big Data Mining at new research lab of Huawei, Hong Kong
http://t.co/hOLsPo7B"

[2] "My book in draft titled “R and Data Mining: Examples and Case Studies” is now on CRAN.
Check it out at http://t.co/wOItXnHI"

W8

mlo

A 23] g g0l

i

#] el A data®} mining=S 335}

idx <- which(V(g)$name %in% c("data","mining"))
g2 <- delete.vertices(g, V(g)[idx-1])

g2 <- delete.vertices(g2,V(g2)[degree(g2)==0])
plot(g2, layout=layout.fruchterman.reingold)
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o

7.3 twitter 74 2 = 53k Al-8-%}7F Social Network

N2 A2 EF #3834 social networks 18] B &= U 80|t} 14 L& o & F

followerS 7}4 2.+ W &S 43 Hkt}.

> search.term <- '#Rstats'
twitter APIE &3l A3l & W8-S 4o hrt,

> search.size <- 50

Hell A &S Al &3

> library(igraph)

> library(twitteR)

> search.results <- searchTwitter(search.term,n=search.size)
> vl <- vector()

Z718}E gt

> for (twt in search.results)

+ vl <- c(vl,screenName(twt))
AaE Avfe] A8} o] B8 7hA et 714 = E U Aol F e,

> vl

[1] "DGleebits" "zentree" "cranatic" "cranatic"

[5] "gvegayon" "almostMike"  "jingle" "MRMacAskill"

[9] "siah" "rmitchell" "gawbul" "aadhyadi"

[13] "DataJunkie"  "Rbloggers" "zentree" "mesg_n"

[17] "OmerNadirler" "revodavid" "hadleywickham" "brechtverduyn"
[21] "gsantosgo" "amichalek" "CosimoAccoto" "amichalek"
[25] "GilPress" "therealprotonk" "ElectricEskimo" "revodavid"
[29] "timelyportfolio" "kdnuggets" "Rbloggers" "andrewxhill"
[33] "neilkod" "timelyportfolio" "zimmeee" "Gagan_S"

[37] "tomjwebb" "measurefuture" "siah" "weecology"

[41] "ethanwhite"  "rOpenSci" "hadleywickham" "fredbenenson"
[45] "josvandongen" "jzb14" "mmparker" "RLangTip"

[49] "Biff_Bruise" '"noticiasSobreR"

> vl <- as.data.frame(table(vl))

> colnames(vl) <- c('user','tweets')

> # build the network of relations between contributors

> g <- graph.empty(directed=TRUE)

> g <- add.vertices(g,nrow(vl),name=as.character(vl$user),
+ tweets=vI$tweets)

EES FUHIT.

> V(g)$followers <- 0 # default to zero

> V(g)$tweets
[1j111111111121121121111121111111111212121
[40]121

> getUser('Biff_Bruise')$getFollowers(n=10)

$ 76922581

[1] "VitaNetLLC"

14 http://www.babelgraph.org/wp/?p=120

SR

o] A
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$° 78789634
[1] "TwitCleaner"

$24200201°

[1] "lamclay"
$°284477923"
[1] "iidesu_"

$° 18005444
[1] "kurtstat"

$°400782899"
[1] "carmen_tsang"

$24985189"
[1] "Adaptv"

$ 120212144
[1] "HoagLevins"

$466611881"
[1] "DenverListBiz1"

$°425881490°
[1] "Ash_Brisebois"

E% AL8-219] followerE = 7HA @+ scripte] T,

> # count total number of followers in the larger twitterverse and

> # add relationships based on who follows whom within the conversation
> for (usrin V(g)) {

+

# get the user info by name

tuser <- getUser(V(g)$name[usr+1])

print(paste("Getting info on" ,screenName(tuser)))

# count total followers in larger twitterverse
V(g)$followers[usr+1] <- followersCount(tuser)

# access as many followers as we can to see if any
# appeared in the search results
followers.list <- getUser(V(g)$name[usr+1])$getFollowers()
# userFollowers(tuser,n=1200)
for (tlwr in followers list) {
if (screenName(tflwr) %in% V(g)$name)
g <- add.edges(g,c(as.vector(V(g)[ name == screenName(tflwr) ]),usr))
b
print('Sleeping 10 min...")
# Sys.sleep(600); # don't exceed request limit
b

e T T St i T T S S S S S S S S S
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[1] "Getting info on Blff Bruise"
[1] "Sleeping 10 min..
[1] "Getting info on C031moAcc0to
[1] "Sleeping 10 min..
[1] "Getting info on DGleebits"
[1] "Sleeping 10 min..
[1] "Getting info on DataJunkle"
[1] "Sleeping 10 min..
[1] "Getting info on ElectrlcEsknno
[1] "Sleeping 10 min..
[1] "Getting info on Gagan_S"
o] 3}l ol 2 self$twFromJSON(out) :
Error: Rate limit exceeded. Clients may not make more than 150 requests per hour.
9] A0l A sleeping< comment 2] 3| A Hl o] H & 714 & twitter g 2] A| 2Fol] A& &/
7h A ek vt
>
> # layout the graph
> g$layout <- layout.fruchterman.reingold(g)
> # adjust size based on number of total followers
> # scale accordingly to keep readable
> V(g)$size = log( V(g)$followers ) * 1.8
> # set label name and size
> V(g)$label=V(g)$name
> V(g)$label.cex = 0.6
> # do something with color...
> tcolors <- rev(heat.colors(max(V(g)$tweets)))
> V(g)$color <- tcolors[ V(g)$tweets ]
> # make edge arrows less intrusive
> E(g)$arrow.size <- 0.3
> # make symmetric connections a little easier to read
> E(g)$curved <- FALSE # fun to play with
> E(g)$color <- 'blue'

1

> # now plot...

> plot(g)

fo] Ao M= 77 A A T sleeping time= F 53] = A+ 3oz Fa7F At
dEAQ Aol A5 A& v v 2. o} LH &2 B AL EAH =V B T
AL SEFU Lol gt n o] AL A A= o] gla, 7t e EA4o] F31A],
7} influencer®l A & F7}4 o2 B & 4= Qi)
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Twitter contributors to #Rstats
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