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Abstract

Nowadays, businesses perform data mining and text mining need to handle large scale
dataset. The computational resources of servers are often limited and lack of efficient to
compute analytical jobs. But if they could run their data mining jobs under cloud
computing clusters, they are able to get results very quickly on a large dataset without

"out of memory" problems.

In this paper, a series of experiments are conducted to measure and analyze the
accuracy of the classification algorithms implemented on Hadoop using Reuters-21578
dataset; the process of text mining consisted of four stages: (1)data preprocessing,
(2)semantic annotation, (3)classifier, (4)evaluator. Reuters-21578 had divided into
training set and testing set based on Mod Apte Split, processed by stopwords removal,
appended semantic annotations as metadata and splitted into several subsets according
to different document sizes. Experiments outlined several issues that will need to be

considered when conducting text mining.

According to the experiment results, the researcher found that stopwords removal,
semantic annotation, different classification algorithms and different document sizes
could improve the classification accuracy. First, stopwords removal avoids common
words from becoming noises that will do harm to classification result. Second, semantic
annotation as the extra information could improve the result. Third, complementary
naive bayes algorithm could solve the decision boundary problem which naive bayesian
cannot handle. Fourth, long documents could dominate the classification results. Sixth,
the class imbalance problem could cause a drop of classification accuracy. Text mining

result could be improved by adjusting the parameters found above.

Keywords: Cloud Computing, Document Classification, Semantic Annotation,
Naive Bayesian Algorithm
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4 &1 Amazon EC2 (Elastic Compute Cloud) ; SQS(Simple Queue Service)
PIEASS L A R F 4B 4 0§ F SRR ARG S HP 91k i
FCS2(Flexible Computing Services) | £_5 & ¥ #& &7 38 8 i 4 frid 3
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v\\}%

ZR A 0 11 E R B AT SRR AR o

AT R(eis s 2 B) o3t B i 4 (CPU froie faf) M i * PRA% 07
FREERRY o ot - RN L EPRESRLERE > LET

PehF RBERE  LRBRRT ZHT RN B LEA G
BennE R S T e
1. #% Z (Private Cloud)

PERBAAZKE VTN R S Fla R EHTRHEL 22 R

IR R Rk kel o ZHIRIAD 27 p FE RS L0

S - BNFHART APHNIHET RO KL

Jii

By dlac 4 o2 RIELAFEFE2 2 FRIHIRBBBEAITE D

FREOTHRL2E L IRRRD R FERALE =

3. 2% 2 (Public Cloud)

B c MR F DA AER S HRY FAMDR RIS £ FS
i Z =B PRF%3% &7 (Cloud Provider)™ i 6 & % IT ek ¢ 3
Mk SRR B R X REEET TR

REPLATE FRE > Rirotpoe £l {3 Al -
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4. 8’ & 2 (Hybrid Cloud)

d LA BRI F R e iR

g e - A o

ZHEEARM G Web 2016 T - BRFEAENLERF P FHESERAR
T EXIRZBEE 0D B PR L P50 E &~ 0 2R Fl2% ;7
Frr(Gartner) > @ 4 FF F2014# 0 H > DIk EE T 2 HEE A E O YTk
RALLA0B % & 0 20004 ottt B o £ TJI D IR N o0 T LA FITS

'@i - s L i‘-\20084-£ mfu;“"?\‘} ’i’ﬁ#f&-‘ﬂ 17.7% -

ZAFEE OF W LAPHE A R SHEEE A 0 3 & IBM ~ g ~ Google
Amazon ~Oracle -HP fr8 B X 2P BB G A » SH P 72 F A8 blicR &
20092107 42 F - F £ ABEEF ICR 2 F Tilera cndFw i » 3~ 2 25
FEHFPAEE S (LD 2 FRNOIREE R LY R
P B R R e n i B2 EE 27 #202011 4 4238 (7>
g0 ET BT ALY S(IDC) e 2 it ~ BF L H % 2 2 7~ 1 -

PRTHRY cfoRaivd b d FREESE T ARBEE B ART - e >
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222 R nFBIEYIRH

{,_—J—:;F-};RF e R :Uﬁs

-

Azure £ Yahoo Hadoop > # ¢t # it en i B (2 e ~ = 3, 2008) -

BB H Amazon Google Microsoft Yahoo
A 1 EC2 App Engine Azure Hadoop
% laas/Paas Paas Paas Software
JRA5 A AR Compute/ Web Web and non- Software
Storage application web
RN OS on Xen Application OS through | Map / Reduce
hypervisor container Fabric Architecture
controller
1 A @ EC2 Web-based Windows | Command line
Command-line | Administration | Azure portal and web
tools console
APIs yes yes yes yes
% yes maybe yes no
#ZXEET | AMI (Amazon Python NET Java,
Machine Image) e framework

B2-4 2 338 B JRI: R

[FA &R 2 49~ S F (2008)]

% = & MapReduce #t 18 3% 3+ $5-3)

MapReduce & - #& * **

LR - B
MapReduce & 5t f 7 4 4%

-\‘\

i
CEL BB TR ELR

-
\
~7.

R A SRR Tl

AR 224D Map 2 Reduce #25¢ ° 4§ ez ;8 7 12
i

\mgi&,zim%ﬁ ﬁkﬂgm

R Ul o

# % % (Run-time) % & %_- 'La“r?;[;igﬁl,\ .
EAAR R BFRH ST HER SRR PEL S

q

A ZERYEERA

T2 BEART
SEGESBALT RTFEERELF IR
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2
li’_—{'

i 7 % (TeraByte) e 4

EE A

i

v MapReduce & - fa{* &

&R

» Map
Ed At
- ~
I, ~
- Py Map ~ o~ N
I’ f’ - ~
Ny - oS
/”
Dataset f - -~~~ — ™ Map P
\\ *"'-._._ -,
\\ "‘-.,_“ - //
~ Map - ’
Y Ed
hl -~
\\ rd
-
¥ Map [

12-5 MapReduce # 48 3% 3- 53 7+ . B

B2 T 0 Fl5 A S 2 ehdd 2 MapReduce ¥

“.1

T
B R-F ¥

B

i i 4 2
.\_L ,},w;n 1@ f:,. F;qu %} )

5
Z HE

st i

Ghemawat, 2004) -

MapReduce i & * &k F

IVF S SESCIRT)

HgiF £ o Google #rie

FE s KT U MT (7iF

‘E’:
-+

T U b i P D s

X #ﬁ‘—-‘ﬁ T\m/ﬁ-ﬁ =

D%

s -

FH A7

Map #2.:¢ &2 Reduce 4z.:% “fie+ > i » - %2 Key/Value &

il el

)/

Fird i@

R BRI o

ll'*jc)f@ﬂﬂ_;:—“b
EEBREE
z B

e

F 5
_ﬁ

ik R R, T
R & B2 AE A 4

B+ enF¥g(Dean &

% A % MapReduce #_d

& (e~ FHL» Map

e Intermediate Key/Value » #Xt¢ £ ¢ Reduce #2.5% i£4p I¢ Key 3¢

map(inKey, inValue) — list(outKey, intermediateValue)

Reduce #z;¢ :

reduce(outKey, list(intermediateValue)) — list(outValue)
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MapReduce 7 #5777 & Bl4-B12-6477 °

1
I 1 1
1 1
- . . 1
.;x('\I\fiapper___.. s ~ !
Split 2 4 ) : . 7' Reducy‘—-'—“ Ouput 1
I - ;);‘_ T
v 1
Split 3 B k‘ 1
| .
1 1 — Reducer -~ = Ouput 2
I 1
LN A———
PR ~__ Mapper = = Intermediate [*— Sy
Split N-2 ”'\p p \ | ,| ._____:¥w Ouput 3
Split N—1 ;/M e — diate [ !
. A~ Mapper ~| Intermediate | :
. 7 ) 1 ’ 1
Split N 1 1
1 1
1 1 1
I 1 1

[]2-6 MapReduce i §8 3% - #3438 (FiE 427 R, B

[F 42 %R : Papadimitriou & Sun (2008)]
2.3.1 Google 4§23 F#LE Bigtable

Bigtable = Google % 7 w3+ £ FR AL AN T R &
Slave/Master 7 1 - & Namenode e W 1# > Datanode HErEHEwRAL &L
ALY A = > B %32 e Datanode ¥ o s SgE D B4 0 i o P oA e}

7 Cassandra ~ HBASE -~ Hypertable -~ CouchDB % § %+ Bigtable @ &

Column-based 7 #L & °

Fr A0 Excel s e E BERRET URFFRERIE R IFTH B
TRl e 34 % (row: string, column: string, time:int64) — string - ® £ # Column
Family 314 > Column Family 3 &% chH = > — B Column Family it 43 ¢ 2 %

B Column » & ¥ 353> ;N4 B|2-7% B2-8477F o
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"contents:" "anchor:chnsi.com" "anchor:my.lock.ca"

- - __]

"com.cnn.www" —*= |!4|:_| S| NNt -t "CNN.com" |= tg

12-7 Bigtable #4152 5 2 7 & B

[F 42 &k : Chang et al. (2006)]

Row Key | Time Stamp Column “contents:" Row Key  Time Stamp Column "anchor."
"com.cnn.www" t6 "<html=_.." W i " : ; i W
o com.cnn.www t9 anchor:cnnsi.com”,  "CNN
ts "<html=_."
t3 “<htmlz__" t8 “anchor:my.look.ca" | "CNN.com"

#2-8 Bigtable 7 #1% %% 3 *x ek * ¥ = % Column Family

[F 4L %R : Chang et al. (2006)]

¥ 3 {r Column-based 74 & 78 £ + 4p iz ~ {o Column-based 4 B )& 7 4p §
2 & eobd 3 e Key-Value T4 E > % Column-based F L & chf it 5% » (25 & ik
Column Family =4 57 » 2 B sk ~ 3 % (22 sE{ & Key-Value 34 & e B &

L 3

Key-Value 744 i 82 @ 5B W38 4 E 3 b 2 il & 4 727 = B

1. Column-based F#L & /b7 1 B8 H | > B4 - BRTDFHEFT N E
BAFTER~ ot ? S e BT ooa M TR A ATH B

P F R TREA FREEAPTRL G RAS S aY

2. uFc 2 Pl m)gjp}z—ﬂ,j;ﬁu?;ﬂuj; A%'ﬁrﬁ”ﬁ“ifi”ﬁ )

BT S TR F AR NIl R0 BB G o TR A 3 ik

% o
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3. :JEA\’* 'F Z_ M Kr]’%t(Append)—s '\4 ZIPNEC S Y] ,3};:*\%{ Bﬁfg& Gﬁ'f—i\ﬁk
%?Eﬁf} IFELT *3_%{ﬁljiﬁp,}li)£d\ﬁ3mpxg,%wo 7% o o
Sy xS i ek S (logN  fBE 15 B~ AL Z logN B~ B+

Tree & 8k) » Flp 2 iz o
2.3.2 MapReduce 8% 3531 K » FTHRFB L7

Chu et al. (2006)#- Google #7# 1 <5 MapReduce #c#8 3% 3+ -3 s * > 735
PR ARG P ISR AR BB ER Y Aocd 0 LS EF Rwp
MapReduce #8835 3 HoA % LT ALFE R T B 2 i (T 0 M o BT B w an

B AAIVUEHFERTRAMEER o

Wegener et al. (2009)#& F| P # & A JIRV¥ AFH L & FEanFaEH
Zoo Tt A -k LR Weka 2 B TR O K B £ 2% MapReduce HRE
AR OPMF e ZENNAE FAEEL RS RBTRFRNE - B E
REDFTWRW U] X B EF SRIp N7 s RERT @ <A TR EDTHRIE

W T F kB o
¥z & 9§ i MapReduce % #¢h= 3

P § 7 MapReduce 7 HinB ic R4 te 28 2bd 5 0 L p i % 3 e cnfe st
FEERP AR 0 A2-15 P o R} il 0 MapReduce B AR 3N S 2 £

Hyrw g E S 0 &7 £43 & ¢ MapReduce =% Hadoop ~ DisCo it/ & 4 %

PP
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# 2-1 MapReduce 2. B 2z 42V B2 28 2 H 9 ¥4V 5 3

=3 o PoeAENET
Framework Programming Language
Hadoop Java
DisCo Erlang
Octopy Python
Starfish Ruby
Skynet Ruby
Phoenix C

[FAL KR o drm g FE]
24.1 Hadoop

Hadoop # - 58 d Apache #d 4 £ € “raFdccnif & %> # 2 - BR %R
YR ARV EE LB T S 0 0 Java F o BB F ARV s b hhis B
BFEE SO B s TR ESA4 0 £ EF 5 7 5 e (Scalable) ~ 5
7&(Economical) ~ 7 »x 5 (Efficient)£2 ¥ 1 if (Reliable) ¥ B2t o i B i 48-T 5 A%
MapReduce ;% & ;* 22 HDFS(Hadoop Distributed File System)# & & stz + >
HDFS £ = ¥ g chiE w5 & > @ MapReduce & & 2 - * 4255 & 2] = ] 5L »
T B RA AT EERFEL o Hadoop ¢ S@EF v v 4 4% £ :£25000 -
THTHRA SRR > P 5 BFNE = Hadoop &7 & 17 > fI* o T

SERET B AU

Hadoop &_p # & % #% i * I e MapReduce #ic48 » H ¢ & 1 & cho it 5
MapReduce #it 883K 3 53] 53 4§23 46 % 4 5 (HDFS) » Hadoop At F# ¥ &7

st HDFS ehiz § » A fel (P & S BLEF A4 -

n

Hadoop & & «3p % 3 HDFS (Hadoop Distributed File System) % MapReduce

BRI A 0 0F o A2 50 B f -kl MapReduce Class B4 p @ gl * o0
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258 F] & R4 42583F 7 & Java Platform ?;rs’,s sk A o % Java g (TR
FTRATERAES ST 0 PR A B F R * 0 MapReduce #HE
HoA] o ABEV P 2009 2 K 4250 St 4 * Hadoop § iF MapReduce #

R J_,fwm]ﬁqéf%ig_}’: B3R B

Nick Jenkin(2009):% = F 447 ¥ /% & 2 7 #>" MapReduce #it#8 3K 3+ #3] +
W EE S FIRL > X 2o enTORLE I G B 2 40iE £ #5485 MapReduce #4835
PHCAIE o T g R R - A A 4N E B en VB8 MapReduce
R RSB g 822 L0 44 %m 2 i * > MapReduce #it
BRI enTRFER R 2 > ARy A e @Gl BEA 4T

B 5 R (TS RO B - AT AL R -

pa Apache #if A £ € ¥ *t == 7 Mahout & % > * *t2 = - BEFHL
M R e P 3R BgE 29 Tt Hadoop 2 s iE B BB b oo 1Y
MapReduce #cR8z% -2 F 7> @ FiF 82 & 4 e~ £ FAL 2 24N E 8 o
WA o inE - BRERAPEZ > T IRBE RAHE P FE 2 NG R

AEORCFEEBEEROS R
2.4.2 DisCo

DisCo % Nokia #2 % ¢ « #73 & 1 % &7 MapReduce % 5t > 7w 4250 3% *

v

Erlang # % » @1 L & F % 74 % ¢ Mapper 2 Reduce & ;% % "L 3
Python £ % > %15 Erlang & & T & 5 T {7 & d® hif 3 #H i 0 if & 2

MapReduce it 8K 3 # A e $L5V i 5 1 0% > B iT RS &S o
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243 R EHERT AR E %

Amazon Web Services in Education 3 Amazon #73 & AWS 2 7 4% » &
AT AR - RANL B IEA R e P E R AWS SURFME TR TRE G §

BEE T Lok T RS 4 S e At 2 ]

Y&

3 ¢ 7 Amazon Elastic MapReduce Z 438 & # &t o

RIGHTSCALE 5 - 73t * . § & * Amazon Web Services == & >
R AFHEELII0CPU P A2 AR ¥ R DNPGRCET o T
TR HRLIE L o R S T

Google App Engine & Google 44 1 shpR A% > & * - ic 53 ¢ * Google App
Engine #73% 1 APl {74230 chB 3F - Befz st 2 R EREL 5 2t Google ch3 =4
=t B3t Google App Engine B 3 A2 5% PF M- 13T APL E eht it 2

CPU-~ FHZ a3 4R ¢
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$I8& RIFLPAPNER

TR BATOFE B ¢ B S R 22 IR A S
Fa et > F ey EEREETRF L EOEINRE EE KT PR o
AT HFERSBIRS FRIFLREAMBEIIDEG - & W 54 F R (Linked

Data) ~ Facebook = Wolfram Alpha 3% & 4% 51 & -

2.5.1 48 % 7 # (Linked Data)

£Cs
Sauth-
88C Surge amptan
Playeaunt Radio al RDF
Data » N A ohloh
{ Doap- 14 Buda-
5 space emantic sest ) ) ResIST
Audio- leb. org Project
MySpace Scrobbler T AL BME // Wiki
Wrapper al ~ [ Corpus ! \
/ L 2 e Y
: / r o 7 & /Y rae National
/ BBC B5C Crunch y. - 2001 Science
BBC Music | / Later + John Base N\ | \ Foundatio
/ [ 1amendo ToTe Peel \ . \ &
{ 4 \ 2 " \ LN
/ \ f \ NN
3 v y Geo- t ec ickr 4 N \
- r :
" names Virtuoso -+
A F Sponger /
BBC N . - \ /
Programmes A 7 /
g y ) \ v]' Open . R, /
/ World \ in . L)
/[ Magna- Fact-
/\ tune L\ book <
Linked !E a 7
GeaData @ Freebase

CelrJzus 7" f 5
- @ IQ"[‘ \ \s.s; e o
B INORO (=
0= 4§Q¢gﬁup
v o @
Qei- , %&-ﬁ@”

== @ o 2SS

Sy
OO @*

B2-9 48 FALR 3 4 » b7 LW

b
]

I

o

As of July 2009

[F#L %R : Linked Data]

d etz & Tim Berners-Lee #7#& d) epr & > R-FRE F A R 3K

i el Ta0F > B0l - FHAUAEERE TR OME S L8 E T

R

Fok R BB T AT

£l

Bo BATET RGNS A R E AR TR £

A A EARS o A6 R LREDTHEP 2 H P 5758 URI 2 RDF

MERY > FEAPM R T ROMNF o
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4805 TR AT IR A ZE R 1Y e 5k 0 sk (Semantic Web Publishing) > - =k p
WEF R R RS T ARERE L > REFR RS R EFT T R

B R TR § R TR R TR AOF 2 R %

B LR B PR R R SR TR OT AR 0 VB D2R S E
Ei o FRRAT LEMNTE > REMBATRESN FE LA EEMETR

R SV | A

=

#J_ E’—hF\ ‘z: °
25.2 Facebook

Facebook 7 F8R % % « & @ - & ) B < fl 3 3 (Open Graph Protocol)#%
A 0 9 H W k{900 Facebook i i - it ¥ XehT LB - dxo R A M
TR T K i o Glhoi P ¥ AR TR TR E(IMDb)# 2k ¢ T BT
g p o BhE TgE(Like) | T T HE 4 F ke s 8% 3 Facebook it 5 7 #

i 4 e

=

PR R B F R TL 8- KD > HRR LBV REME
{7 41 ep B JRF% > Facebook 7= 7 4% gt R A VRS » HOF AT 0 H0F BRI R L
S E BB TR > HEF A R R T de h T FBE T bl
i e S MHFIRH G o

Facebook #% i 7 Open Graph Protocol &% i RDFa ch3 L #2383 F Rehr

% p *%')*'ﬁ:“ HTML s % 45 i 7542 edn B 42 o
B > Facebook # 4% i e S Bl 23k 0 F S BEA 5 X orpE

L Ba@a# Ry ALK R e EF A4 0 bldct IMDD s
o FESRH ARSI R ARER FREREE AT A 7
AR FEPRhOTRE  REIFFLIR-NTR W
g X E 2 WA ERE s X BE T
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ppF o B REERFLR T ITAEN A A TFTRIRR A B L o

e ip it BPAESN © AL F BB AR S Bom Rk BN i
TP st ains > IMDb sk P D AT B RS B e dp A
o GRERBLHAAR  HEEGFIRTELTAROTRE O Aot - Kk
RAEIGDT B T B2 BT ES T %15 IMDb ki & B
TR H R RTH S T R E e 7 Facebook & * AR 5 Y 5L
(fo_app_id) ~ 1%4Z (og:title)fr 4 =& & £ (0g:site_name) - & ;2 W I| & & ~
FRME AW TRFEARPRA 0 RES S b 7 %A (0g:type) ik
B Ty —'gf%s:g‘ " ) &PF > Facebook ¥ 1 Arig i *

%{yéﬁ?%ﬁiﬁﬁﬁ’?iéﬁﬁi%@“ﬂf*?w°

<meta property="og:type" content="movie" />

<meta name="fb app id" content="115109575169727" />
<meta name="og:title" content="Star Trek (2009)" />

<meta name="og:site name" content="IMDb" />

IMDDb 327 5 B 355 enfy it -

<meta property="og:type" content="actor director" />

<meta name="fb app id" content="115109575169727" />
<meta name="og:title" content="J.J. Abrams" />

<meta name="og:site name" content="IMDb" />

BR# AR AR AR - RT P HE S EF 2 BT AT ERRT

Afpd- BAF FEFTR S FRPEFL- TR KRR T

]]\ 7)@: F‘ E’ﬁfﬁ’gg o

Poavpe b BB R OEE > T A ERECRF BRI FF
[had

F2f Tk > blde IMDb it B & 5 £ L and iF o ¢ B alh

R
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(og:type) #- B ¥ i@ A ko A P et e w A F R
(actor_director) » iz #_p = Facebook B xRz 2ikil 3 L # e 2 af
4] > 1 {7 Facebook % &-#+ IMDb % #9718 3% iF k cnF AL & A7fF 45 >

fe BRI m’}é\?b °

4. Facebook p ¥ e FiX3 kBB B H BRI FEIRFTH

MR RE W ek R B RH R TRETA -

5. p Facebook_ié#if%?*%? TR FL g AL a Fik
B E R LR TR e R AR R A e
AL L -

2.5.3 Wolfram Alpha

Wolfram Alpha % — ¥ %31 & (Answer Engine) » &2 Vi 4 10 5 F P& 51 &
(SearchEngine)? ¢ » T T 2 e ee 7 M4EF cip e P 54 > @ Ak - BE

& ;Veni & > 7 Wolfram Alpha -4 FF f2 #7302 end %

Wolfram h e R 5 & * FEL AGPN F > 7 U5 - Kihp BRF T K o
(GldeE =~ » P oy % 239 %) BB gz 3 405 518 % F » Wolfram Alpha
et BeORAEE 2 R3] AATR Y F AT R AT REE RE

SEESWE EaE IS EE T
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v
sk
A

3% R, 3% (Semantic Annotation)
FRLELFTRE UMD 2 ATz R 0 5 3F 2 (Syntax) 2 F
AL H8 5¢ (Structure) 3 4e & & (Kaarthik Sivashanmugam et al., 2003) > 2 §# 7 42

(Metadata) c7+4 57 4 R 2-10 #7571 o

Types of Meta Data and
Semantic Annotations

Ontologies
(e.g. Business)

Semantic Meta Data
Company, Headquarters, Ticker,
Exchangs, Industry, Executives, etc.
{e.g., Sam Palmisano CEO of IBM Corp.)

Structural Meta Data
Document Structure: OTDs, XSL
Clustering and Similarity Processing: Concept Extraction

Syntactic Meta Data
Language, Format, Document Length, Creation Date, Source,
Audio Bit Rate, Encryption, Affiliation, Date Last Reviewed, Autharization, etc

Data
Structured, Semistructured and Unstructured

F2-10 3288 T4 eofe 27

[F 4L %3k : Kaarthik Sivashanmugm et al. (2003)]

2R TR A 552 28 7 (Syntactic Metadata) ~ % 1218 2 (Structural

Metadata) % 3% & 21 7 #L(Semantic Metadata) -

1. #2328 7# (Syntactic Metadata)

TR KRS e E TR DA TR R g s TRAZ DR -

=)

PHRAT S T4 S THEREE

2. RB#28 7K (Structural Metadata)
PR R I TR I R TR R B

4o XML % p (XML Schema) -

3. # A2 FH (Semantic Metadata)
e TR FAAM L TSR DIAERAL > BEFT LR
BEETREPBEFTEN FO7 i 2RELE- HPY

CAEERETH SHRETHIARET LAPRETH
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FAREEERALTHAZ FARATR R EFHRENL A PERS N8

—
e
o
(s
&
e
I
e

\

&
=y
Hy
i

«

o GLfEm P A TR R TR B ch el
Bl FELpI R TERFREORE AT L FLEBELLS D
! g-EHE R 2 3 4h i 8 (Entity)fr B 1 (Relation) » @ B & 5 - A% S

i
% 4 it p £ enat 4 (Davies et al., 2006) °

FLEALL TR B0 A A TRATR (LR MmE) > i

CERRAR N R T

=y
w
JST\
«
&
-\,
Bt
fmb
?
hpas
o
E
=%
el
=,
[y

HAG A EREOTR e BALfES e QR b

AB# announced profits in @3, planning to
build a $120M plant in [BULGEFISE---.. and
." more and more and more and more texﬁ"-,‘

Semantic Repository “‘.‘

Company Location
type City Country
N locatedIn type
= XYZ London type
establOn partof
“03/11/1978" UK Bulgaria # g

W2-11 3% L3137 A W
[F 42 %R : John Davies, et al. (2006)]
wdl

Y )
E w2 =0

8% 5 ffh % b~ A i

=
Pk
ETIAS

ETIAS

FREBNY - Bk

oo ‘iﬁ"’j MFEEE G R ERL S ApM i > P e 5 Inform Engine #-

FHRR IR e

—\
8

I
_:;rzh

B AL T FT L R 2 1 FRE L e

w
TL

Bty BV ATl 2 B BT UGN R BENEEY

PRF o AKRT U ITERET AW R s HESERES

29



26.1  FRifRens

=z

-
by
fm\ﬂr
-n \

L3Ef% & 3ia 5 Web-based £ Ontology-based = # > F‘ EF IR REE R
L f

ERUREEN i FoE el 3. SU 0 R=d =3 I RLEE XY I N =4 e e g

4y

. = 2} * Loy
l%’a";‘{ l—,——"p‘:—v

Cm\&
“#
R
=
%}
W
.
o
&
.
&
~zy
3
=)
b
P
o
=
=
|
1
A
w
ok
o

Fm
A Rl
X &
W TR b > EPIFE R LR AL o AT Y AT F aiE £ 3LfE % 3L 5 Ontology-

base :F & 1% & %t o

<& 22

¥ § - B AcfEaugd) > LT TR > 2 s TAL € $ 44 (Social
Tagging) ; fv " 4~ 4z;5¢ 4 % (Distributed Classification) ;> & & #. % B A ¥ T
R TR s MU AFARTE T RS e i p d R BRIV E TS A
#HOBE T —E“FL‘ N Ap% 2B o B o g dzen Delicious e xk T E 0 e LR D
SR RERY LA AR E BRI EN{ FOWENER B

Besp 3] chye kB 5 Flickr ~ CiteULike, Youtube {= Last.fm % o

R0 * 5 2t gk B OF Uk % (Information Retrieval) sz 5 2 4 & & »
Bk > 239 LR AFOGF* R B AHANT KRR &

B(x fLivL-E #F i 2, Vertical Search Engines) °
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262  FRALfEPE B

L pEER R Y T X B ok F R T (Metadata) 3 f dEATR ; RS Ab s
## 7 Open CalaisAPl » £ p # (L 3 318 HTML = 2 » p a2t ee L

BOR it 5 FALEE dE R .
263  FAENTRES AR

Berendt et al. (2002)# ) 3% & 4 Bt 7 AL 4% # £ & (Semantic Web Mining) » %

Laclavik et al. (2008):#- MapReduce #x 8 3k 2+ #-3] & * »03F R2nfd - #
FRAREL AL I EEERY DT ) FREP F LR 1 E
7 fi¢ * Hadoop i = «uE 5 £ & + - # MapReduce #r#8 % - 53 R * M3 &
HfEFE R T TREPBEBEFL BT REIF S FREORE A

AR B AR AT
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R pFs > AHIHEE 2 2o fE R AFEL FL AR

ARG AFET RO EE L s

R
=)
dor
P
%
—H
=k
=l
I
QD

o
o

o

e

i
i

MapReduce ##8 - P43 5 4 > @@ 9 TR R B2 HE L OB T E IF -

AEIRLFEL AR REREL A FREE 20 AR
G Reuters 215781F & 1 % b WG T o HEEALT AL = B Mod

Apte *7 & 2 BFALA ZVRTHE B PIEETHEE > RFEX LIRS > Y

FHRERGALFLAFTLTROTELS S BB AR DT

PEFELT Lk 0 AT HFE GRS E SR FEEET ST
fir(Load Balance) » #& # < F fFd cha 4o o % A AT 2 0] kB
EFRHBEUA I RNNDT R FHEBT S22 7 A SEXAUTHETR

B AT AR N FHEBER LR AT BT
BEFLAfF OB MER PN FALFE TR TR 2B TR AN
PR Y R FHEMFEE LT LT EETLSDT o e g e Ay

EEE
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1

Y-8 FE3®

B0\

A3 02 Hadoop 185 233388 k3T 5 > 30047582 2B 2 B %0

70 %% Mahout i B 2 (T2 ~ B A SEFEE o > FHEB L L5 BINGH > &4 4

% & #p B (Classifier) 22 ;= % (Evaluator) » ﬁ #-4](Model)ig # » #7324 &
REUIRFTARZHD & > F Y A2 AT HBEF T HDES ¢ > 113 B o
Reuters-21578 Text Mining Process

Dataset N\
Data Sermantic '
+ Preprocessing [ Annotation || Classifier '_H/ Model /+ Evaluator
Raw o "
Data . X

+ i A
. Training !} Testing

= - - s -

i T -
TP \\

Map Reduce Distributed File System

PEEN
g2 oG8

MapReduce Framework /

B3-1 A7 7 2 5 LI 4R

[F#seim  wa g o]

TG 2R ST R~ G Bg Ak Reuters 21578 F A B 0 B F I
HIF R % &2 % 2 (Data Preprocessing) > 74L& 22 4 & ' UF L (Training Set)
Rl FL(Testing Set) - f§ B b = A BB RFTREHA S ) - BEFR

RIEFAR Y W RBFHADERR - A DS S REFEFLLBRRALFFL R

shp Nfgibac 4 o T HanF LR -
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Reuters 21578
EilE

SRS AR

R ET SR EISOMUE TS R AT IR S

X HNEERARARIREN, HEEARENAE

I~ FRIEBT BEGE
TR ch Y I T = Eh

R E A

7
e

SRIAET. FHEEEER B

- Jirra B E R iHEc R pree e 5 adRes
CEERHhRERRE

SO EFRARINR, iR DEEEAccuacy)

F3-2 AA=F 2 % 3 $F s in Az H]

[FR ko wmf ]

v AR AR A RIB2 Y BT A B A MY Bt K e

ALY Y Bl ahk e B AEGR T R gy B FN L Pk I

e AP E LY G EBT A L TR PR R - R B

-~

TORPE N B EAL TR B S SGML a5 o M- s L e 3 TR

ER

Wiz R D RBRREIN A-PHRHEBEL DR BAFET AR
FROR AT P b a AL T -

PHP P2 FAAE 2 FRY F LY FAGLRPATR S Y @
Z A REARBE R R > T B¢ B R e A g o
Bt iR AR A P E TR-IDF & > 2 F R s e g o
AR IVREHEL A SRR EHE L A AR AL Y 2N
TRRIECA] -
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6. FTHE!HHLGBEDPREFEGFTLIT
TR G R A BT S P o
- &% < &2F#E Reuters 21578
321 BBATHE EHES

Reuters 21578 %_d §& % 4+ (Reuters Newswire) p 1987 %27 26 p 7]1987# 10 *
Op P eniT = 2 > ZF R L F21578F AT = & » d 22 SGML 3¢ e
FhkerEs > & - BAER E e 71000k ¢ & 0 BfS - PRI 5785 ¢ 2 o drdk
317 o HFHES E - F e iF'rs,u ##{ <REUTERS> i — & % 424

¥ </REUTERS> (% — £ < t*énik & o

# 3-1 Reuters 21578 F L # ek 4

<REUTERS TOPIC=?? LEWISSPLIT=?? CGISPLIT=?? OLDID=?? NEWID=??7?>

[FA&kim : ~am 7 gEE]
v 5 1 % A BTSN  TOPIC Btk 8% s #LF % b i 4L

LEWISPLIT &Rl &_5 7 & Modified Apte split 2" -plz&~ 2 & % 402 » i&

f-‘m

- N S RN S "7 7 Reuters 21578 F L b ¥ i 5 L e i

W

304 - BYRTEACRE TR BT R BRSATAERY e
e & rE L7 4 4 5 OLDID &=t & # &1 Reuters 221735 & Sl > B
S EA R A WITLATE Tk e NEWID & % = 2 %% ; CGISPLIT % & #

TR o BT - A s TR RS
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#. 3-2 Reuters 21578% i e &)

<REUTERS TOPICS="NO" LEWISSPLIT="TRAIN" CGISPLIT="TRAINING-SET" OLDID="16322" NEWID="1002">
<DATE> 3-MAR-1987 09:19:31.96</DATE>

<TOPICS></TOPICS>

<PLACES><D>usa</D><D>taiwan</D></PLACES>

<PEOPLE></PEOPLE>

<ORGS></ORGS>

<EXCHANGES></EXCHANGES>

<COMPANIES></COMPANIES>

<UNKNOWN>

&#5,&#5;&#5,G

&#22;&#22;&#1;f0295&#31;reute

d f BC-TAIWAN-REJECTS-TEXTIL 03-03 0137</UNKNOWN>

<TEXT>&#2;

<TITLE>TAIWAN REJECTS TEXTILE MAKERS EXCHANGE RATE PLEA</TITLE>
<DATELINE> TAIPEI, March 3 - </DATELINE><BODY>Central bank governor Chang Chi-cheng
rejected a request by textile makers to halt the rise of the

Taiwan dollar against the U.S. Dollar to stop them losing

orders to South Korea, Hong Kong and Singapore, a spokesman for

the Taiwan Textile Federation said.

He quoted Chang as telling representatives of 19 textile
associations last Saturday the government could not fix the
Taiwan dollar exchange rate at 35 to one U.S. Dollar due to
U.S. Pressure for an appreciation of the local currency.

The Federation asked the government on February 19 to hold
the exchange rate at that level.

The federation said in its request that many local textile
exporters were operating without profit and would go out of
business if the rate continued to fall.

Reuter
&#3;</BODY></TEXT>
</REUTERS>

[FHkm : 47 Fm)

PR @ B o % Modified Apte Split % 4 2 > AL B RIS R
MEZRF P BAREE S ARG 9603 % ~3299 K 2 8676 F o & BaE ¢

dficE A - 0 F 90 BAEE| P v 2o
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322 BBATHEEAZATRFE

Bed AL TR B i dx Mod Apte Split Tl 27 402 o BTk A 5 0 TR

FoBRBETHEEZ 2R THEZ BIA - 4 W E 596034 ~ 3299% % 86764

WLFMEES B2 - PEIREELEFEZDERT L o

13IBBATH AT G

RE bRl PIRF P RIRF AP Tk
# Class Train Set # Test Set # Total #
1 earn 2840 1083 3923
2 acq 1596 696 2292
3 crude 253 121 374
4 trade 251 75 326
5 money-fx 206 87 293
6 interest 190 81 271
7 money-supply 123 28 151
8 ship 108 36 144
9 sugar 97 25 122

10 coffee 90 22 112
11 gold 70 20 90
12 gnp 58 15 73
13 cpi 54 17 71
14 cocoa 46 15 61
15 grain 41 10 51
16 alum 31 19 50
17 jobs 37 12 49
18 reserves 37 12 49
19 copper 31 13 44
20 ipi 33 11 44
21 rubber 31 9 40
22 iron-steel 26 12 38
23 nat-gas 24 12 36
24 bop 22 9 31
25 veg-oil 19 11 30
26 tin 17 10 27
27 cotton 15 9 24
28 wpi 14 9 23
29 orange 13 9 22
30 retail 19 1 20
31 pet-chem 13 6 19
32 gas 10 8 18
33 livestock 13 5 18
34 housing 15 2 17
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35 strategic-metal 9 6 15
36 lei 11 3 14
37 zinc 8 5 13
38 carcass 6 5 11
39 fuel 4 7 11
40 income 7 4 11
41 lumber 7 4 11
42 heat 6 4 10
43 lead 4 4 8
44 meal-feed 6 1 7
45 dir 3 3 6
46 instal-debt 5 1 6
47 potato 2 3 3)
48 tea 2 3 5
49 cpu 3 1 4
50 nickel 3 1 4
51 jet 2 1 3
52 platinum 1 2 3
Total 6532 2568 9100
[F# %ok 1 ha=f K]
Class Distribution of Training Set
3000
w2500
g 2000
z
"5 1500
..;:- 1000
5
Z 500

Category

FI3-3 B8 AL AL 2 9 LT L el ] A 1 i

[FALkim @ 27 Fr]

FI3-35 B iSAL TR B ¢ 52 BATW FRLA G aukin ¥ UF R4 5 ooy

W foacq 2 earn i@ BREW 0 HAAGWOFT L FipR T 00 X

o HARA Timaugul e o REFATHEOTE > VRFT L FL S L
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3
I
&

AR TR LR TR L B B e S AP TR R
FEAREE aVRTRAEALEE > BHPEL LB HFLRAES D
fo B dw g Pz %K€ ST Bk o
& FHw ¥ &J2 (Data Preprocessing)
331 ¥ & (Tokenization)
o drfRs 3 o0 720 ZHREEEEEE > A345 s 3T b o
% 3-4 %73 *’—7—””%])‘5%] AU5E )
qz;'] » 1 Jerseys, dresses, wigs, and inflatable crowns.
ﬁz;—] 1. < Jerseys, dresses, wigs, and, inflatable, crowns>
[FA kiR - &pr g 2]
3.3.2 3 'ﬁzt iz * 3 (Stop Words Removal)
= AL ## (function) £z b % 5 3@ (content) = = % * >t & %
# 5 H 0 A the, to fr and ¥ § M= ¢ hF Bgpa v rap g3

<
W

e

%%_T The prancing blue cat is on a snowboard | # & % 7 2 Bp % 53

(prancing, blue, cat, snowboard) » i 7 5t F 3#(the, is, on,a) > &~ W] &7} 5 % =

o
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FRFEEF T AR F I L (Stoplist)p o B FAEY hF AR

FEEW Y A g A Tthe, #F MM A 30 @R 2 ImE

o BN BN FORATRAF R R FENS

3 K,% ¥ * 3 (dra, an, and, as, ..., was, were, with £ 3) » Fl i iz @ I A
v RY M SApE R o A LR o F A g 5 A TiEART fe3i(Noise) ik
o = Z B _’:}‘_.ik/{f ) u//T*_LLLi?} y 3 K//Tfi;g-,’}r FAV R R R B

B AR R o
3.33 #iriR R (Stemming)

BREFR B-FHEARFLE ARt 2Ry EREFR LAER
BhEF AR I PR AT 2 Feanbhma &2 F3E 0 B4 automate,

v %

automatic, automation >t £ F » R LT 2 - F o

i

TE Nk p e Fa A2 RFRFRFEE T 59 f# - PF AL R 4R
oA FUfRAA ] B ALE B AT DA REEFR S R AT 0 19804 d
Martin Porter #% ) ;& 4237 & J /% & ;2 (Porter Stemming Algorithm) » ¥ - B 4p %
PR R FIUFE 2 T Ay Y Porter frdk el Fiwir R TS

-~

e AR R AT o
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Fr& FL

M REATLIF DR R 4250 1 5 OpenCalais » %’gv} B AR AT

P amE LB P TS AR E 0 v AR A R Y R EE AR

#i- ARDF 238 17 5 3 A i@ T AL efe & o

BT B P

=
>
—
N
(S
X
|
o,
H
o
i
&
~=
Y
=4
=
=
by
H
o
R
&
=
8
ki
L
a‘\
EIS

Y EARREE O A B E R

&FEE e

# 35 3% Lirfa > T ol

ireland put colorado beetle alert irish agriculture department issued colorado beetle alert today
beetles found box parsley imported france officials colony black and amber coloured beetles can

destroy potato field day females lay eggs each boxes parsley consignment had distributed markets

and department called shopkeepers and catering trade alert

[FAL R o A g K]

41



#3-6 3% & LR I R )

entities [{
' typeReference": 'http://s.opencalais.com/1/type/em/e/Organization’,
' type": 'Organization’,
'name’: 'irish agriculture department’,
'__reference": 'http://d.opencalais.com/genericHasher-1/52c¢9469d-6d45-3b43-8074-
653058d11d9d",
‘instances": [{
'suffix": " issued colorado beetle alert today beetles found',
‘prefix: 'put colorado beetle alert ',
‘detection’; '[put colorado beetle alert Jirish agriculture department[issued colorado beetle
alert today beetles found]’,
‘length’: 28, 'offset": 34,
‘exact': 'irish agriculture department}],
'relevance’: 0.85699999999999998,
‘nationality": ‘irish’,
'organizationtype": 'governmental civilian'}]
topics [{
‘category": 'http://d.opencalais.com/cat/Calais/Environment’,
‘categoryName': 'Environment’,
"__reference': 'http://d.opencalais.com/dochash-1/081ea5d6-a8f6- 3d34-9b56-
cc8dabb7664e/cat/1,
‘classifierName': 'Calais',
‘score': 0.986999999999999991 ]
Extractions:
1 entities, 1 topics
Topic: Environment

Organization: irish agriculture department (0.86)

[F4 %0 e ]
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% 35 SFLLfED HR4TH 0 J54 OpenCalais & 2 3% Ly 7
LA 36 g T OF M (ENtity 0 Dlde 4 Lo g S ) FF (4G
REEFRA)EFERFRE L0 FERE) - LA F AR OIRR T
LirfriBAe~ 47 € | fF B % % (Irish agriculture department)iz & % %8 > ¥ 3

56
T
31;\}
<
v
=
o
gk
%

(Environment)4p i %32 -

$ I & A% E (Classifier)

AEREFFLUTEZ > BV RT R RIZEL LA 2 WA 0 IR

<y
~m

=)
S
=

R RE 0 FE AR T P i B R FE BT 3 MapReduce $ic %8 B 3 o)

oo FME s s BIFE 2 JE R 4902 % B MapReduce iE f3iE (7 v B
EEFE R FIEKRDE K o
Ft R G o0 FaEd R B E T 2R i+ 2t MapReduce s8R RO iE i

AT EHEY GHE L AR A i % 2 MapReduce o8 BB B R 0 F T T

s R e o
351 HEELSAHE

B4R SANE S AR auE RSBV A  F Y SR
g % B o A2 B DRIE AT SRS 0 B B Y S0 A H

K AT AR R BB RE TR P R F LR A

-~ TG AR E > 2 SRS (AP ERE) - & T Bl
—‘?’ b 4’|IE—»‘;5%é|/ F P\»:’mlE‘ > M El’]@,l—fﬁ?lj x ,a. 5] %mﬁﬁ_{i‘;}J—ﬁh ’ |;|J-£{rv r{j‘!\/
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T TR THE T T 0 F D RS AT S A R BIE - L U R

Bk Tt A g o g RS B R e 1T R RIS R o

B P S a EEPBEL NI IRENETEHTF L AT
A g i RS AR R > RIERIA S % o

P(Dh)P(h)

BayesianTheorem: h,» argmaXP(h|D) argmax P(D)

- argmax P(D [h)P(h)

hMAP: & « ¥ it enigi (Maximum A Posteriori)

D: 2" stk A

V: Bz B (hypotheses space)

PO): "t AnE a5 > 3B ha 5 0 2 - F ik
P(h): i h % 3 8 5 (3 A LI SfE A P gl )

P(|D): te2 skt~ D & & » Bz h 91 I chig 2 4 %

B D A BRI A B 23 nBEYREPBIEALA, .
Ancars AR BB ILE » $20 0P S R X PRI E Xy, Xo, X300, X
iR B BB EaEn (CATHS DB E) L PIREE -

7B & G mAERFY(Cy, Co, ..., Cr) 0 BT TRREP 2 X=(X, X2, Xa,n
Xp) » B P A SFEMITR X B E G BB T Eaupsl 0 F XIERE Y

Ci>fl:
P(Gi|X) > P(G|X) for1 <j<m,j#1i.

FRESLAAFEGHE T YA PRI ®O I A iE 2R
s BB AR EINak T Ay BL N2 ai + 7 i i

o hvap & 7 4R e 9974 3 o
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352 BEHERAANE

WG TR TOR Y RN RO S  fH DS e s B e SR A
W€ e TRRIB A PR R S g ] o R A ST FES 0T o
I(m—mmm_MP@HZHbg%iﬁ
MNB C_ c - i NC+0{
i N~ +q;
long (d)=argmax | log P( 0 . f.lo
o (d) =arg gP( 0 <)- ZS 9o

AAARHEL AL BET N L HE L B ERREE o R

MEL S A@Faelfd b E e ERRRETS O REHA > REA
|

EX
e s NN o N 373 Basu Conv ¢ #if 3@aticr N 5 i

= |1z
c ci c

BRI B Cene 29 thxlic s REM P B &S HBFA L2

pazi

Papind bt ik FRSERISIEH C P
353 WMEELAAHNEALEHEL LAHEHY(E

EEAAFRABREHEL A AFEBAY TP IEehigie > L
g8 @ * TF-IDF B & F * 5 (Common terms) #2584 4 Benipplig & » £ ¢
E@E%ﬂﬁ%ﬁ’ﬁﬁﬁbﬁéﬁ%W£§%*&ﬁ%%ﬁ%§’@@%w

Eene G A BRI BB (b 6 5 B
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¥ = & =i B (Evaluator)

iR R 1ogxrF(Accuracy) o R e KE BaEHCA 4 IRl 2 1
FESF > PR RS 2 AN RPRRETHY KT A GO AR > ATV
RIS DTE
# of Correct Prediction s
Accuracy =
# of Examples
AR o T BoAE T3 Hadoop Z:{E Bk sLT Lo Fpt (B g
FAAPRRETHRE TR ERRRTHEAREELLEY A RIS R

i
A BEE S REASER S PR R TR A R A

R A A R

Master Node

Slave Node

Namenode
Task Tracker
Browser .
Data Node
Job Tracker
Hadoop
Utilit
Y JUM

Ubuntu
Server

R34 257 F 2 4 BB (T )

[Ff dim @ A7 7 AE32]

b

SR BFERFEZENATHELRR PFIT ATy &% Hadoop
T2 28 M L RFE - & 2om A T F 5 5% (Pseudo-

distributed Mode) » % ¢t #-3¢ 7 & i3 Hadoop Daemon % 7>+ & p fb* &0 Java
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FEHEZBLOVM) o * S HR L A G TR B 0 A RIS-4TT 0 B BB R

&

% e 1%~ K %~ Map 3 ;% o Reduce &3¢ 2 % JobClient #4i7 » # 3t 4 2 =8
BB TEREFAIGNY FHFEBE E 5% 247 JobClient 1#£2 1 7% Job Tracker >
Job Tracker #-fj H [ <\ 2~ g Ben1 (v o 8B FHE A > Sint 1 FH A

% i Task Tracker 3¢ {7 1 i o

S FEEBA S EBID AR T EAIL L A FERER

FTS
7’-“}}

BoORSATHEELEIFRT F MG LARTHRE 2 APRER ST A
oL EFAEBAIR > A EeEE B3 (Model)id £ 503 24 4 458

RDURFHE R $ o BT A4 TG HDFS ¢ g
ALY R TR RN AP EL NS EE AR GE R S EY
B TAL DRE B R B T A E(MYSQL) ¢ - A

e -

Hadoop Z =< 3 ¥+ T % % MapReduce #dk - B3 R * *t i H £ < A

MFEZ2REREL SR FEZOF T, > FLLEBOFEE A

HENF Y K HREY EAMRE LIS P L B oo
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Yr® A R%

BE B AL ATRNZ 2 FHRBT L0 3 & & 5 (1)% MapReduce #ic i
2K HCA R AR REFE S 2R F) > Q)R FRBALT & (Reuters

¥
21578)nF AL T B AJT > & FETIR F ~ A i 32 PR R Q)UEBREAE

b

Tk & (Reuters 21578)% 3 A A 7 N h2 4~ FHEB T S22 ST o (4)
B R R R T CFRLR Y EARE R Y AP R R RN

ERAS <IN ) -

T AR R e ELNFE G THEPEL A HERE

¥
ROE R E L AR T2 Ngram B RS v B A S Bk i

B A PR R P AL R D K

o8 A%RT IR SRRSO
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All-terms vs. Stopwords-removal
Naive Bayes Classifier using N-gram Model

v

£ 75.00%

S 70.00% e oo

‘é 65.00% e Aok

2 60.00% i

% 55.00%

Z  50.00% —°

S 45.00%

1 2 3 4 5,6 7,8 9 10

w4 All-terms  48.83 60.98/64.14 64.64 65.03 64.80 64.71/64.17 64.14 63.94
—=—rm Stopwords 67.10 68.73/70.09 70.13 70.44 69.82 69.5969.47 69.31 69.16

W

ISR Rt

[FAL &R A5 g 2]

AR Y OFHEL AR B EEE IS L BB TF-
IDF @38 » A idmf il <A B FE2 RIVEFLEY AL 20
NI FRF DT P F T B LFHADERE L A RET BT F LT
2R GHY EAFRA O L RS A 2R E AoBl4-1A T o BT R

SRR R ARG A DRATRE T
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$oW FARBEY G OWE RS AR

SA (Semantic Annotation) vs. Non-SA
Naive Bayes Classifier using N-gram Model

‘5-.

£ 72.00%

S 71.00%

< 70.00%

£ 69.00%

% 68.00%

Z  67.00%

T 66.00%

1 2 3 4 56 7 8,9 10

e SA 67.80/69.35 69.98 70.52/70.64 70.87/70.48 70.21 70.68 70.83
—s—rm Stopwords 67.10/68.73 70.09 70.13|70.44 69.82/69.59 69.47 69.31/69.16

N-gram

W4-2 35 & iLfE4fat 2 & A § 0 2 chfs 3B

[F# km: +5m g £L]

FoOMERHRITFRTFLAEVREITIH EL S AL BE 4oR
4247 » AW - B AL E(HEL SAHE) » R ¥FLEfRTLID
BERPRR > TR EAHOIESF o P EEAFRT Y 0 F
LLAR i AR R Y o i B AR TR E R p e

Kok e BAML S A RAER N -
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Frd CRPERSAFEASEHIL SANELA WL AF

Naive/Complementary Bayes Classifier using N-gram Model
(Semantic Annotated Corpus)

‘5.

£ 74.00%

S 72.50%

T 71.00%

& 69.50%

553 68.00%

7 66.50%

S 65.00%

1 23 4 56 7 8 9 10

-+ Bayes 67.80 69.35/69.98/70.5270.64 70.87 70.48 70.21|70.68 70.83
—=—Comp. Bayes 63.30 71.85/72.94/73.05 72.59 72.08 71.5371.33|71.07 70.95

N-gram

BA4-3HEEL A B2 AEHEL AT A HIEF DR

[F# kim A5 FE]

SR AR ET N-gram Model 5 B b X 2 g B2 4 G H b < &5
BoRT AFLABREATHEE  c H S ET ¢ ML R oBl4-3477 o A
BHEL A BT el HHEE S AEERY ABRATHEEE AED R
AR § ehdE | enRf 2E 0 Reuters 21578 F AL & 4o & A1F o A ik AL TR AT R

B 35DV RIRE Y S BT

N-gram #-3]cnig * > 4 R (B2 2ot my EE v ks » £ 22§
N-gram#ciE 5 2 2 3 AR S v R R > HRTFIZ R LD S
Bz B@ere S o Fgt @ % N-gram Model ¥ § ez gr a2k 0 2R
PG PR E PRSP B E AR S B EA
B S e fe g N-gram HoiE 35§ 4o 0 ATH DP AT R F TR A
Tt~ BLEHAY B EAgr T T KAERE L NS R

TR Y RF F Aot B o
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Frd REJILCLAEEZPFRATHEEL AARERPAEL %%
HE P A RAIT B TR L LR R AL 7T R ALY
FAL AR R RS o [ H B S A SRS IR Mg R e TR

EAAHERS SRy > A REF YR NHEL ARG o
MHEEL AL PRI HEL A EEY g E P R E R R A
FOREL X TR AEPRELEAR > A H78E <) 502500 L enfg £ o

AALHEL A EE SR HE L A FELBE RS

(89 B RT3 35 )

W BEE < AE BENEL S AHE

W 5] Co# (Naive Bayes) (Complementary Bayes)

N=6, Annotated Dataset N=4, Annotated Dataset
earn 1932 1762
acq 559 709
crude 2 7
trade 0 5
money-fx 4 10
interest 3 5
money-supply 0 )
3 2500 2500

[FA kR 277 Fr]

KAALT HfE LA AR AEE F 5 7 RS i u] (eam, acq,

crude, money-fx {v interest & #g %]) > HApugw| g & ¥ A NI A9 2500 & g &

PR A KTIERIENGE R Mg R R TR e ] o i R
A RS T o

52



AL SRS R E LS AHES O BE R
RRG R BERSRAEE 2 NIRRT il (eam, acq,
crude, trade, money-fx, interest f= money-supply & g %|) » Flu 4 5% & 5 § < 45

SR R R g B RTORR S e R R

SELRIE E

RI® 2 APRERHC SIS P

A Comparison of Classification Models for Different Document Sizes
Naive Bayes Classifier using n-gram Model (n=4)

Y

74.50%

74.00% \\
73.50% DG
73.00% ~—

72.50%
72.00%

Classification Accuracy

200 250 300 350 400 All

+(-‘ . aves
comp. Bayes o) 200 23 66% | 72.91% | 72.72% | 72.80% | 73.05%

(n=4)
Document Size
Bld-4~ A3 a kB4~ 24081 S g
[FA &om © AF g ]
AE LR Y AR E R (Document) ¥t e AL AT PR @ %

ZREBRRROE GRS ELRGEE PR AEFEL LS HE - N-gram #i-3]
N @54, % 2% FRMEE @R E AR A S 5200F 2 p ~250F 12k~ 300

Forp ~350F U fed00F U poene AR FHE L A ETRIRE R o

o BlA-457T o E R PR E RRC) Y AADIRN R E L NSRS
FEAREO ELEIESY > HRFIANHERE e 2 I AR R B H
PoA AR OAKIERINCD 0 § A EAHA DA 2 o R ] dhe

A2 AP F X AL AT AT E o
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Schematic Approach to Avoiding Overfitting
Naive Bayes Classifier using N-gram Model
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Schematic Approach to Avoiding Overfitting
Complementary Bayes Classifier using N-gram Model
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Different Document Length in Training Set

3500
2000 2948
E
g 2500
= 2017
g 2000
=
™
: 1500 -
-]
E
1000
> 732
- 100 73 52 29 51
50 100 150 200 250 300 350 400 450 500
5 Document Length

FA-8 S T B ¢ LA £ B the 224 G2

[FA KR A7y K]
dM4A-BTHEY LFRER BHAGHAE $T FREY AFREAY
TELEEREFORE PR E R 5200F 1 b a2 W E499F o ik xR
*Y RSN RFSTE A T AR A D

PRTGoel Ee BAFEINTERIS S o AR T RIS A R E A

59



g
4
Sely
1
-gi;
p)
&
ﬁ\;‘

AP Hadoop 242 sh kT S fF 2oy REAFTREN

MR @A R B L E - R (FE I EEK

22,

B A EE N4 ERRINEERE TR FHEB LR D ol

BHEFHEBFEZIIREFIRAFEFALARLE QTR JFTHREN2FH

j\,};ﬁ;z‘_giv_; Bl i d % 63 T 4 ’gﬁpﬂﬁ@ N VA, E%’E’ PERD SIS j\gaﬁ

ER¥EW LA mFORE BT R RS

B pBEp

1. FHE2 “f i#* F 1 65.03%— 70.44%
2. A FRAfERG TR 70.44% — 70.87%
3. AL HEE A EEALLER R 70.87% —>73.05%
4, WL EWRE 2 A WA IR % ¢ 73.05% —74.32%
S FRGEY FNRAE IR DR F L EIERDE 6 B
FRAMRELIRETEOBE N PR BodgarEk > LAY 2 F

T OF WA FRAABE AL 2 E AR S o B R T A RN

Paiv 2 g B g P o ATy Arid * e Open Calais 3% & iLf# PRI 97 % &

BT AK€ F15 Open Calais 3F & 3LfF R4 kA% 2§ @

Pl R AEARR A EAMERLEE B3 FEHPE S o FHAHLD

60

B %



iP

g

FRirfEn > @ FHE N

AU L R AHE Y 2

”’%%é%%?ﬁ%ﬁ%?%_

R i¢ *  Twitter & Facebook

Berpd L BABH HTE

4 73.05%¢14 # 1

SIS D

BAE e KT RE AL R FHEBT SR L

ROLS LR LA IR E o

2. Fi@F A 2T 5 OpenCalais p#ay AL 3gd 2 » R AT 29 5%

W E2 v ATLDRFTAZ RIBETHR - A KRR > RILP v i

Ao RIEAFTT LT

BEOF IR O E L
W R TS KR 45 ene

Vector Machine, SVM) & #g4¢ 55

FHEBT DAY AL

o e AT SRR S

LSRRI EGE L
AR E o blAr

%’?3

% (Neural Network) »

’)';tgt 4 f% /f‘t Ef_f ﬂ'b;}ftrg o

61

S FHL R

AT A
AR A KT
## 2 1% (Support

FH > B o



[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

34 < e

Apte, C., Damerau, F., & Weiss, S. M. (1994). Towards language independent
automated learning of text categorization models. Paper presented at the ACM
SIGIR Conference on Research and Development in Information Retrieval.
AWS in Education. (2010). from http://aws.amazon.com/education

Berendt, B., Hotho, A., & Stumme, G. (2002). Towards semantic web mining.
The Semantic Web—ISWC 2002, 264-278.

Center, N. R. (2008). DisCo. from http://discoproject.org/

Chang, F., Dean, J., Ghemawat, S., Hsieh, W. C., Wallach, D. A., Burrows, M., et
al. (2008). Bigtable: A distributed storage system for structured data. ACM
Transactions on Computer Systems (TOCS), 26(2), 4.

Chu, C. T., Kim, S. K., Lin, Y. A., Yu, Y. Y., Bradski, G., Ng, A. Y., et al. (2007).
Map-reduce for machine learning on multicore. Paper presented at the NIPS.
Dean, J., & Ghemawat, S. (2008). MapReduce: Simplified data processing on
large clusters. Communications of the ACM, 51(1), 107-113.

Dlugolinsky, S., Laclavik, M., Seleng, M. (2010). Ontea Semantic Annotation.
from http://ontea.sourceforge.net/

Fayyad, U., Piatetsky-Shapiro, G., & Smyth, P. (1996). The KDD process for
extracting useful knowledge from volumes of data. Communications of the ACM,

39(11), 27-34.

[10] Foundation, A. S. (2008). Cassandra. from http://incubator.apache.org/cassandra/

[11] Foundation, A. S. (2008). Hadoop. from http://hadoop.apache.org/core/

[12] Foundation, A. S. (2010). Hbase. from http://hadoop.apache.org/hbase/

[13] Gillick, D., Faria, A., & DeNero, J. (2006). Mapreduce: Distributed computing

for machine learning.

[14] Google. (2010). Google App Engine. from

http://code.google.com/intl/en/appengine

[15] Hypertable. (2010). Hypertable. from http://www.hypertable.org

62



[16] Jenkin, N. (2009). COMP390-09A Report Distributed Machine Learning with
Hadoop.

[17] Kibriya, A., Frank, E., Pfahringer, B., & Holmes, G. (2005). Multinomial naive
bayes for text categorization revisited. Al 2004: Advances in Artificial
Intelligence, 235-252.

[18] Laclavik, M., eleng, M., & Hluchy, L. (2008). Towards large scale semantic
annotation built on mapreduce architecture. Computational Science—ICCS 2008,
331-338.

[19] Laclavik, M., Seleng, M., Gatial, E., Balogh, Z., & Hluchy, L. (2007). Ontology
based Text Annotation—-OnTeA. Information modelling and knowledge bases
XVIII, 311.

[20] Lioma, C., Moens, M. F., & Azzopardi, L. (2008). Collaborative annotation for
pseudo relevance feedback. ESAIR, 11, 25-35.

[21] Maedche, A. (2001). Ontology learning for the semantic web: Intelligent
Systems, IEEE.

[22] Mell, P., & Grance, T. (2009). The nist definition of cloud computing. National
Institute of Standards and Technology.

[23] Ontotext. (2009). KIM Semantic Annotation. from
http://www.ontotext.com/kim/introduction.html

[24] Papadimitriou, S., & Sun, J. (2008). Disco: Distributed co-clustering with Map-
Reduce: A case study towards petabyte-scale end-to-end mining. Paper presented
at the ICDM.

[25] ReadWriteWeb. (2010). Does Facebook Really Want a Semantic Web? , from
http://www.readwriteweb.com/archives/does_facebook really want_a semantic
_web.php

[26] Reeve, L., & Han, H. (2005). Survey of semantic annotation platforms. Paper
presented at the Proceedings of the 2005 ACM symposium on Applied
computing.

[27] RIGHTSCALE. (2010). RIGHTSCALE. from

http://www.rightscale.com/index.php

63



[28] Sivashanmugam, K., Sheth, A., Miller, J., Verma, K., Aggarwal, R., &
Rajasekaran, P. (2003). Metadata and semantics for Web services and processes.
Datenbanken und Informationssysteme: Festschrift zum, 60, 245-271.

[29] Stanford. (2005). TAP. from http://ksl.stanford.edu/projects/TAP/

[30] Stanford. (2007). Phoenix. from http://csl.stanford.edu/~christos/sw/phoenix/

[31] Wegener, D., Mock, M., Adranale, D., & Wrobel, S. (2009). Toolkit-based high-
performance data mining of large data on MapReduce clusters.

[32] Wikipedia. (2007). Dbpedia. from http://wiki.dbpedia.org/

[33] Wikipedia. (2010). Cloud Computing. from
http://en.wikipedia.org/wiki/Cloud_computing

[34] Witten, I. H., & Frank, E. (2005). Data Mining: Practical machine learning tools
and techniques: Morgan Kaufmann Pub.

[35] gipi & % & 25 » 2009 - http://www.dotblogs.com.tw/jimmyyu/ °

[36] %58 » 2009 » #:% Web 2.0T 2 e b (74l @ik A ¢ i FRIED A
#7477 — 1 YouTube-Mac 4 % 5 & > M 5ois* EFAE 27 “THL %
<2 o

[37]1 ¥14 2 - 2009 » 2HFE BB TE Y ALFRBE» FHT 277 » W2
oA B FMERFPTTHLH? o

[38] 2 #8Fs « M= 3 > 2008 » T =438 E f§ 4 > hitp//bit.ly/oXsTVT -

[39] #2 % » 2008 » HP ~ Intel ~ Yahoo £ ‘o B <R 2 i@ 5 2+ 4 o

http://bit.ly/adLC7D -

[40] # & F5£ > 2009 » Semantic Web and Knowledge Management »

http://www.deg.byu.edu/ding/research/SemanticAnnotation.html -

[41] P > 2010 > 2 ig @ 2B R B m R P X T ARk e

64


http://www.dotblogs.com.tw/jimmyyu/
http://bit.ly/bXsTVT
http://bit.ly/adLC7D
http://www.deg.byu.edu/ding/research/SemanticAnnotation.html

