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%100 2ERE EHMEZ (6/16)
» E2BRE
> EBRFEE
» 2/NLHIEEXRAS B
> SBY: BN XH¥ES



SEDT—V

110 F-9v1=ZvY
» I\ =V
» DS25%8
» DSRHUVYT
BB OS5R9VVY
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Nl

—HIRAZVY

» BRRBT—%
> JERDFEATIEEIEL SN
» T—YDOPICENICBRZIBE T DHE
» Data Mining
» KRBT —5. DD BRIT. Bk DB E DR
» FREERFEB. AL XY —VERE. fist. T—HIRN—2RE
NoFPATF
» U350 REIiIZRETRET —YWBHIIRENIC
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Data Mining FEDWLBL\5

» NI —=Vihl: T—9H RN T DRAPRHHRBR/II—VZER
DF3
» 18E
» BFRT
» DFE: AV IFIVERICTBEWVWDFEZHEMEVCEIR (HFEI3ER
[CER)
» JL—ILR—2R
> BN XD FERS
» Za1—3JI)LRYy kD=0
» HTIR—RROH—IIY (SVM)
> RITEHD (ERD DT, PCA)
» DS99V VT ZEMBODEERE (BUUE) Z5tBELIIL—T1E
> BEREN—R BER—R, J5IX—-2R
» k-means. DBSCAN
» BEERYE: MstFEEEE > TEERENSODITNERYE
> AnfERt
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BBEEICDWVT (188)

W3\ 37 EERE
» 1—2 U v ~EBRE (Euclidean distance)
» 1ZED—2 ) v REERE (standardized Euclidean distance)
» SV IV RF—BRE (Minkowski distance): NI MJLD /LA
» Y/\S/ EXEERE (Mahalanobis distance)
$EUE
» IN\AFURD NILOFBBUE: Jaccard 7E
> n RITND NLORRBE: DI+ VELE

6
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D3RIV ITFE
ZERDIERE (FBLE) Z5HE LI IL—T1L

> TYENELUIBRT D

» T—HYEENT D

» DENBDSRH 1)V (patitional clustering)
» k-means &

> PEEELD SRH YUV (hierarchical clustering)
» MST &
» DBSCAN &

L A
5 99 (9

original points partitional clustering hierarchical clustering



k-means }%&

» DEIBROSRYVUVT
>» DS k =8
> BAPILTUZLRY VT
> BOS2HIIED (centroid) D (BEIEF)
» EF—HERHEVNEDER DI SRS CEDETS
> F—HOEDYTEBODOBEIBEROET
> HKY
BHCHS AV k £IEET DB

v

» PEMEIC K > TRERNED D
» DSRINRRBDITA R, BEZDDHEPAETRNES
> ANEDTZEDKEL

basic k-means algorithm:
1: select k points randomly as the initial centroids

2: repeat
3: form k clusters by assigning all points to the closest controid
4. recompute the centroid of each cluster

5: until the centroids don't change
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» WU —BETOSRYEER

» V) —iBETHO S RYERHERBATIAE
» BRICO S RYBZEIBET DREHLRLY
» 2RO O0—F

> RER: BT —HE1I9SRFPELT, HidLTWL
» DER: 2% 1O0SRAYELTEO, DEILTVLL
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MST OS5RH5VUVT

Minimum Spanning Tree 25 X5 U V5
» DEBDREBRISRIVUVY
» FROIDSRY—KULRANZVIYVY —%ED
» BREORVWI Y IDSHIBRLTO SR ZREILTNL

%

@@%é
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DBSCAN

Density-Based Spatial Clustering
BE: $8E UICEROT —5#
(BRIRTRRW) EFEFARD D S5 R DI H T RE
/A XT38
EEREDRME Eps EBDRRE MinPts
» Core points: 28 Eps RIC MinPts U EDEFERHNH D

» Border points: Core TIZRWL\A, FE8E Fps RIC Core H7FTE
» Noise points: 288 Eps RIC Core HETE LARL)

> BR: BEDRBDISRIVPREDEZNT -5

v

v

v

v

DBSCAN algorithm:

: label all points as core, border, or noise points

: eliminate noise points

. put an edge between all core points that are within Eps of each other

: make each group of connected core points into a separate cluster

. assign each border point to one of the clusters of its associated core points

s WwWN =
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DBSCAN: Core, Border, and Noise Points

05

-05

source:

. Bt.)r}'\ler Poi nﬂi

Ve ~
/e N
/* Noise Pdint
{ Eps =1
y e /e

! Voo

f ’ .
j Core Po)nt

N/ /
}\ ~N/7 e

L -

MinPts = 4

-1 a 1 2

Tan, Steinbach, Kumer. Introduction to Data Mining
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DBSCAN: example of Core, Border, and Noise Points

Original Points

Point types: core, border
and noise

Eps =10, MinPts = 4

source: Tan, Steinbach, Kumer. Introduction to Data Mining
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DBSCAN: example clusters

Clusters

source: Tan, Steinbach, Kumer. Introduction to Data Mining
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M

JB8: k-means clustering

% ruby k-means.rb km-data.txt > km-results.txt

6000
1 +
2 +
s000 | 5 + 1
4000 | o X |
> 3000 [ . S . .
* %
" % *
P « %
2000 | ) . 1
* X *
w00} ¥ .7 1
K ox g
0 ‘ ‘ ‘ ‘ ‘
0 1000 2000 3000 4000 5000 6000
X
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k-means clustering results

» YEMBIC & > TRERHMIER D

6000

T T T T 6000

cluster 1 cluster 1
cluster 2 cluster 2
5000 cluster3  x s000 | oluster3  x
4000 4000 -
*
x
> 3000 . s > 3000 [
L ox i
L W
2000 N 2000 - N
¢ « " & x
E = ] *
1000 ‘g 1000 * x
o4 %5
0 0
0 1000 2000 3000 4000 5000 6000 0 1000 2000 3000 4000 5000 6000

X X
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HYFILD—K (1/2)

k = 3 # k clusters
re = /7 (\d+)\s+(\d+)/
INFINITY = Ox7fffffff

# read data
nodes = Array.new # array of array for data points: [x, y, cluster_index]
centroids = Array.new # array of array for centroids: [x, y]
ARGF.each_line do |linel
if re.match(line)
¢ = rand(k) # randomly assign initial cluster
nodes.push [$1.to_i, $2.to_i, c]
end
end

round = 0
begin
updated = false

# assignment step: assign each node to the closest centroid
if round !'= 0 # skip assignment for the 1st round
nodes.each do |nodel|
dist2 = INFINITY # square of dsistance to the closest centroid
cluster = 0 # closest cluster index
for i in (0 .. k - 1)
d2 = (node[0] - centroids[i][0])#*2 + (node[1] - centroids[i] [1])x*2
if d2 < dist2
dist2 = d2
cluster = i
end
end
node[2] = cluster
end
end

37



HYFILD—K (2/2)

# update step: compute new centroids
sums = Array.new (k)
clsize = Array.new(k)
for i in (0 .. k - 1)
sums[i] = [0, 0]
clsize[i] = 0

end
nodes.each do |nodel
i = node([2]

sums [i] [0] += node[0]
sums [i] [1] += node[1]
clsize[i] += 1

end

for i in (0 .. k - 1)
newcenter = [Float(sums[i][0]) / clsize[i], Float(sums[i][1]) / clsize[il]
if round == 0 || newcenter[0] != centroids[i]l[0] || newcenter[1] !'= centroids[il[1]
centroids[i] = newcenter
updated = true
end
end

round += 1
end while updated == true
# print the results

nodes.each do |nodel

puts "#{node[0]}\t#{node [1]}\t#{node[2]}"
end
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gnuplot script

set key left

set xrange [0:6000]
set yrange [0:6000]
set xlabel "X"

set ylabel "Y"

plot "km-results.txt" using 1:($3==07$2:1/0) title "cluster 1" with points, \
"km-results.txt" using 1:($3==17$2:1/0) title "cluster 2" with points, \
"km-results.txt" using 1:($3==27$2:1/0) title "cluster 3" with points

19/37



2298 0. twitter T — Y BRI

» RS5LY: KRIRET -5 NBOREREK
» REAT—%:
» Kwak 512&K3 2009 & 7 B D twitter data. #J 4000 51—
» JLT —%: http://an.kaist.ac.kr/traces/WWW2010.htm|
> twitter_degrees-10000.txt (135KB)
> 10,000 ARDY YT ILT—5
> twitter_degrees.zip (164MB, f#&#% 550MB)
> %9 4000 FADD 2T —%
» numeric2screen.zip (365MB, &R 756MB)
» A-HID &RV V-VEDIVEVYT
> RBIEE
1. twitter 2—Y® following/follower EEHETO v ~
» 10,000 AR DT —49 ZfE > B
2. ZIT—% (K3 following/follower ## D CCDF O v +
> X BAIC following/follower #ZERD log-log 7O ~
3. 7A0—28D% Wy T 50 1—FDx
» SV, A—TID. ROU—-vE, 740—¥. 7+0—%
4, AT 3V ZOMORENT
5. BR: T 9D SHmAEND I &I
» REF: PDF EX D LR— k% SFC-SFS h 51t



BT —HICDONT
twitter_degrees.zip (164MB, ##&R{% 550MB)

# id followings followers

12 586 1001061
13 243 1031830
14 106 8808

15 275 14342
16 273 218

17 192 6948

18 87 6532

20 912 1213787
21 495 9027

22 272 3791

numeric2screen.zip (365MB, &R 756MB)

# id screenname

12 jack

13 biz

14 noah

15 crystal

16 jeremy

17 tonystubblebine
18 Adam

20 ev

21 dom

22 rabble
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R =B
A

» 10,000 ADDT—3ZAWLT, X &I following, Y #f(C
follower #{ZEXD log-log 'O v +

CCDF Z’Ovw ~
» X #(C following/follower #ZEXD log-log 'O v ~

740—8DZW\Wkv D 50 1—HDFE

# rank id screenname followings followers

1 19058681 aplusk 183 2997469
2 15846407 TheEllenShow 26 2679639
3 16409683 britneyspears 406238 2674874
4 428333 cnnbrk 18 2450749
5 19397785 Oprah 15 1994926
6 783214 twitter 55 1959708



sort VYR

sort ANV ER: TR 71ILDITEY - UTHVPEZRS

$ sort [options] [FILE ...]

» options (FRETEWVNZSBRATY3V)
» -n: T —)LRZEHEE UTEHED
> -r: fEREEIRICLENRD
» .k POSI[POS2] : V—FE BT —ILRES (1 AUYY) &
BEITD
» -t SEP: 71 —JLRE/I\L—YZEEET D
» -m: BV —hSNET 7ML EY—IT B
» -TDIR: —BI771ILDT4LOKNUZEEBET D

Bl: fileZE 3 71 —)ILRZHEE A TEIBICY — b, —BI 71
(X" Jusr/tmp" [C{ED

$ sort -nr -k3,3 -T/usr/tmp file
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SReE 2 RS twitter 21— D following/follower HE#H X

X
» 10,000 ADDF—4ZRAWNT, X #IC following, Y #(C
follower #ZEXD log-log 'O v ~

100000
10000 L g
o 1000 |+ E
[
:
o
o
= 100 F ,
10 ¢ E
1 ‘ ‘ ‘ ‘

1 10 100 1000 10000 100000
followings

24/
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258 2 iRE

CCDF ZOv ~

» X B(C following/follower #{ZEXD log-log 'O v ~

CCDF

0.1

0.01

0.001

0.0001

le-05

1le-06

1le-07

1e-08

CCDF Z7Ow

T N
followings
followers

\

10

100 1000 10000 100000 1e+06 1e+07

# of followings/followers
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FRed 2

#
s
g8 v
=

0N O WN R

MRE:

id

19058681
15846407
16409683
428333

19397785
783214

16190898
813286

19757371
17461978
25365536
19554706
15485441
18220175
16727535
807095

18863815
27104736
14075928
17220934
18091904
18222378
20536157
21879024
19329393

screenname followings

aplusk
TheEllenShow
britneyspears
cnnbrk

Oprah

twitter
RyanSeacrest
BarackObama
johncmayer
THE_REAL_SHAQ
KimKardashian
mrskutcher
jimmyfallon
iamdiddy
lancearmstrong
nytimes
coldplay
mileycyrus
TheOnion
algore
ashleytisdale
50cent

google
tonyhawk
PerezHilton

183

99

131
173
103
177
2633
54
369569

740—2#% kv 50 21— D%k (1/2)
740—0#80D%WkvT 50 12— D%k
SV, A—HYID. ROU—=v2, 724A0—#. 740—7H

followers

2997469
2679639
2674874
2450749
1994926
1959708
1885782
1882889
1844499
1843561
1790771
1691919
1668193
1657119
1651207
1524048
1517067
1477423
1380160
1377332
1318909
1318378
1278103
1277163
1269341

26
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# rank

26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50

fa /r;r
E:J

id

16827333
20
972651
26885308
6273552
5741722
19877186
14293310
6211972
21324258
19637934
16264006
14515734
2883841
19394188
7400702
19248106
15131310
657863
14224719
19923144
16998020
5248441
7861312
17266725

240—78 kv 50 I—FDE (2/2)

screenname followings

souljaboytellem
ev

mashable
ashsimpsonwentz
MCHammer
nprpolitics
chelsealately
TIME
SaraBareilles
MarthaStewart
rainnwilson
petewentz
drdrew
eonline
SenJohnMcCain
BBCClick
MariahCarey
WholeFoods
kevinrose
DowningStreet
NBA
lilyroseallen
AFineFrenzy
feliciaday
tonyrobbins

94
912
1934
32
27413
119716

followers

1241331
1213787
1210996
1200472
1195089
1193870
1191340
1189952
1186592
1177233
1176930
1164295
1159766
1129659
1123254
1119182
1116010
1112628
1110063
1105469
1103534
1083786
1081761
1079749
1078763
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BE2DER
BHRHSHH DS
» JA0—HE T ADD—EDIERRBL—HEE
» RFEDQI—H(F 200 LT, —ATHBICZVWI-THERE
» Z<DA—HREEB>TTOY FESNTVBRZHEHERLE(FT
(IR THDH SR

CCDF o hd=E
» A0 7400 —HEECHRAREDHICHKS
> RIHICDRUN/Z VSRS EZF DER D THRL
» WHED 10 FEMZ BT 1 ILBD EEFHAREDEHE1I—Y
» JA0—#UE. 20 & 2000 Hi=DIlcFvvT
» 20: HASRE T A0—9 3 20 AEESHSND
» 2000: LBETIESK 2000 AETUN7AO0—TCTERBM D

240—80OZ WLy 50 21— DE
» ERRT YDV —IEXDES
» Akl SRIlCHBIEBTHBZID TY—RLTY—Y
» FiE2: bw 50 ZFEICIREE L THWT, screenname &
Ny F
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gIBD;EE: R/INALAHIE

> BHENA XNEEBREE T RINLFIE
» TEBHNTOISIVY 6E) ODI—RHSER

A==

» BABERS [CBBECHET ZHERRITDDE

% ruby naivebayes.rb
classifying "quick rabbit" => good
classifying "quick money" => bad
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RICIDRE: BB D BIENA X D4R

ERBPFBICKXOXEMREDHAT TV CHEESNDEXRZRD D

n

PO ] Plailo)

=1
> P(C): Hh5TUDOHBER
> [, P(2:]C): hFTVUICHHBEBBEOEMMN SREOR
5oL HREOFEVWATTUEER
> Bl 2BBOHTITUKD thresh BEVRE

30/37



RICIDEE: R/INLHEROUT ~

» RL—ZV T EHIE

# create a classifier instance
cl = NaiveBayes.new

# training

cl.train(’Nobody owns the water.’,’good’)

cl.train(’the quick rabbit jumps fences’,’good’)
cl.train(’buy pharmaceuticals now’,’bad’)
cl.train(’make quick money at the online casino’,’bad’)
cl.train(’the quick brown fox jumps’,’good’)

# classify
sample_data = [ "quick rabbit", "quick money" ]

sample_data.each do |[s]|

print "classifying \"#{s}\" => "

puts cl.classify(s, default="unknown")
end
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BIIDED: Classifier Class (1/2)

# feature extraction
def getwords(doc)

words = doc.split(/\W+/)

words.map!{|w| w.downcase}

words.select{|w| w.length < 20 && w.length > 2 }.uniq
end

# base class for classifier
class Classifier
def initialize
# initialize arrays for feature counts, category counts
efc, @cc = {}, {}
end

def getfeatures(doc)
getwords (doc)
end

# increment feature/category count
def incf(f, cat)

efclf] |1= {}

@fc[f][cat] |I=0

@fc[f][cat] += 1
end

# increment category count
def incc(cat)

@cclcat] II=0

@cclcat] += 1
end
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BILIDED: Classifier Class (2/2)

def fprob(f,cat)

if catcount(cat) ==
return 0.0
end

# the total number of times this feature appeared in this
# category divided by the total number of items in this category
Float(fcount(f, cat)) / catcount(cat)

end

#
#

when the sample size is small, fprob is not reliable.
so, make it start with 0.5 and converge to fprob as the number grows

def weightedprob(f, cat, weight=1.0, ap=0.5)

# calculate current probability
basicprob = fprob(f, cat)
# count the number of times this feature has appeared in all categories
totals = 0
categories.each do |cl
totals += fcount(f,c)
end
# calculate the weighted average
((weight * ap) + (totals * basicprob)) / (weight + totals)

end

def train(item, cat)

features = getfeatures(item)
features.each do |fl
incf(f, cat)
end
incc(cat)

end

end
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AIEMD;EZE: NaiveBayes Class

# naive baysian classifier
class NaiveBayes < Classifier
def initialize
super
Qthresholds = {}
end

def docprob(item, cat)
features = getfeatures(item)

# multiply the probabilities of all the features together

p=1.0
features.each do |fl
p *= weightedprob(f, cat)
end
return p
end

def prob(item, cat)
catprob = Float(catcount(cat)) / totalcount
docprob = docprob(item, cat)
return docprob * catprob

end

def classify(item, default=nil)
# find the category with the highest probability
probs, max, best = {}, 0.0, nil
categories.each do |cat|
probs[cat] = prob(item, cat)
if probs[cat] > max
max = probs[cat]
best = cat
end
end

# make sure the probability exceeds threshold*next best
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debug: feature probabilities D% > 7

hL—

fprob
fprob
fprob
fprob
fprob
fprob
fprob
fprob
fprob
fprob
fprob
fprob
fprob
fprob
fprob
fprob
fprob

Z VT BRDORBIRE:

for
for
for
for
for
for
for
for
for
for
for
for
for
for
for
for
for

"nobody" : good:
"owns": good:
"the": good:
"water": good:
"quick": good:
"rabbit": good:
"jumps": good:
"fences": good:
"buy": good:
"pharmaceuticals":
"now": good:
"make": good:
"money" : good:
"online": good:
"casino": good:
"brown": good:
"fox": good:

OO OO0 Or OO0

[el el elNeNeNeNe]

.333
.333
.000
.333
.667
.333
.667
.333
.000

.000
.000
.000
.000
.000
.333
.333

bad:
bad:
bad:
bad:
bad:
bad:
bad:
bad:
bad:
good:0.
bad:
bad:
bad:
bad:
bad:
bad:
bad:

O O O OO OO OO

O OO O OoOOoOOo

.000
.000
.500
.000
.500
.000
.000
.000
.500
000 bad:0.500
.500
.500
.500
.500
.500
.000
.000
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110 F-9v1=ZvY
» I\ =V
» DS25%8
» DSRHUVYT
BB OS5R9VVY

v
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£ 12 @ BRESVF VYT (6/30)
» BRI T A
> R=ISVD
» ;B8 PageRank
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