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Research on Mood Detection of

Internet News Articles

Advisor: Dr. Hao-Ren Ke, Dr. Miao-Tsong Lin Student: Yang-Shu Lin

Institute of Information Management

National Chiao Tung University

Abstract

There's millions and thousands news coming out everyday. Only limited number
of these news are relevant to.a particular person. In the digital era, Internet has
surpassed traditional media.and become one of the most attractive media. How do we
effective and efficiently filter through the huge amount of information on the Internet
for finding those pieces-of information‘which we need, like or we don't need to read?

The objective of this study is to predict the feelings of readers after reading the
news from Yahoo! Kimo news. By-using the CKIP system’s tokenization and part-of
-speech tagging processes, candidate phrases are indentified. Then the Log Likelihood
Ratio values of candidate phrases are combined with the mood tendency to discover
significant phrases for each mood. The discovered significant phrases are used as the
input of a Support Vector Machine (SVM) software, LibSVM, to conduct the
classification. Furthermore, a keyword screening system is designed to provide
readers information for choosing what to read and predicting the readers’ possible
mood after reading a particular the news.

Keyword : Mood detection, Text categorization, Support Vector Machine, Feature

Selection, Information Retrieval
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Meural Mets (31) N 17 5
Sequence/Time series analysis (24) [ EEY:LH
Bayesian (24) [ EER=H
MNearest Neighbor (207 11.4%
Boosting (17) [ W
Hybrid methods (14) B s 09
Bagging (13) Bl 7 4o
Genetic algorithms (12) T ea%
Other (4) 2.3%

B 63 TR R E 2 %
FH kR [21]

iz = Decision Tree i 4240 T [22] -
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BB EAEe AR B £ IRER > ¥ Lensfis N =5[22 ¢
1. AHgEEE g XE(smarsr oo YN B rjﬁé%‘ﬁwﬁ-’f&ﬁ‘

BFagh wd XEENAE AN ¢ 4R F - BF &
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G B AR F st g T 5 48[22]

[. %3 i (Reductioninvariance) :
PR R GRS GER TR E S T I0E g BN R AL BB
B0 b dclE kTR B ehik I o

[I. F-test:

e

+
=4

A R AR - A A S S (T30 R e AT - TP

Dop HRAES D SRR AR R A DR R I MR R RGBT E

PUREE] S NN Ren N T 2 4
Rz 51 & (Gini index):
I % FH:aFRETRPEY#ET o Gini » f Population diversity -
B - B B AERSED A £ TR 1A S TR B - Al i
FofhB L DF A N GRASE B a6 A SR R

XL P BFER LR AR L D 93Gini score & 4

)=1 (3)

F §* & (Entropy) :

1. # p ** Information Theory » % 1949 & ¢ Shannon £* Weaver #7# ! »
BAKAY 0 R K- BEBSR TR R E RO T R
LLJ“"FL&LLﬁ'& c“"__ E‘r’,‘!:.s 5n%§ﬂy?@ R UA—%Q“’F/F I_E';ft;’/}

B¢ NI ATS 5 pi o RIS E BN R

—>_ p,xlog(p))
=1 @
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73 & 41 F (Information Gain Ratio) :

MR- R L AR SR d R R S KA AR R L
I
SRR ATATL D BRYREARY HEE ST n BaEe

Ci’ i:l’ 2’ 3’ ---’ n: —E i&zﬁ.ﬁv—” m:ﬁ(—f ;g&“ﬁb w7 J‘/{ freq:(C1’ S)%\,T‘]— ) |S|

RE S g TR B R E AT TS R g S

freq(C,,S)

|S | BT E G p TR
()

freq(C,,S)

(6)
B NP E BT R (R ) BT RN AT

S die=(CiiS) o 102 (C,.9)
2

a IS] S|

)
™)

¥ info(S)et 52 > FHENE BEASES SR E&pF - B AR 1ikD
FAREZLFFENTAERL LS Bl Bl g 3 HAp & o 4ot ™ 2157

inf oA(S):—meinf o(S;)
i=1 |S | (8)

Ft &S o BIEAABEHEROTARR A D OTAERL A B D

gain(A) =inf o(S)—inf 0,(S) o
B oA R fsit A4 ) enigEkg [22]
L e An LR

9. WA EILIRSAD
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3. PrE s

4 #HTH 5 RHRER ML .
% BLR F

. 2322457 @ FEFEPBiE

2. H¥WFORAFEOFTHR - W B &IL | j7 (Pre-processing loading)# £

Lo REAILE BT

5, H AR LY gfg,yf?ﬂ o

2.2.3 Support Vector Machine

* #+ & % (Support Vector Maching SVM)= &% 1970 & i » 4 & 4
Vapnik[23]# &1 - & - fad Wit @ B I K enis B ¥ Hojiv > 1998 & pF
Joachimg[24] ~ Taira ¥ Haruno[25] & %—‘*ﬁ fe® i+ 4312 Kudo - Matsumoto i
230 W [26]7 (41* SVUM yaase 2 Bk s g AT 7 )R T L% L R E
v R e pg i T & ok SRR T T ARE R R 2 F AW E S
B RS A AN S RF T IR LWHE T ER AT R~ A
FERE IV ARE A 5 enBE RS o

SV & % kR 5% PR 3 > 707 R F AN PR AL o BT S AR 5
IR R HlE b SYVES I IETSVE A= AGEE A N SR I DIRINPE 3 -

{Xi1yi }’izl"'l’yie{l’_l},xiERd (10>

Bkt - BTG VBt 2 -] enFA e R A o B RTG v A FAT

% (Separating Hyperplans) » & &t 42T g  chix & Jf % &t

w-Xx+b=0 (11)
WaRRTdheze g om SWMehP BRI L A3 AR PHFREZIF  H - BELEF &
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LR (margin)en® A T G KRR A ST doF 8o

SVM i g8h4e T [27]

L.
2.

F S e

T F

RN PIP SREY Y

¢ % SRR MRS B 2

PLARE TR o AR

RIGEENTORCD B4 P F RIS hpE

(overfitting) =R 48 > ¥ - = & RIAF 3+ ¥

2

o+
=

E-

K= L

Bt 1EL

FRFHS PER RS E - S

SRR AL 59 W A FE AR SDE A o

R XIS R o, %

IR Rk S
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pa SWMena & id > 2877 (245 * LIDSVM > F]pt 1172 5 4 % LibSVM:
LibSVM[14]:
o8 EHAa=(Chin-denLin L S Bk BiFivijdE -~ b3
Bos poig § ookl v SVM £ B 0 T RS SR AL (¢ 45 C-SVC -
SvVC ) ?Eﬁf‘f’&%{ (#3e-SYR-n-SVR ) m % & i 53+ (oneclassSVM )

SR RETRE S SHA S AT ST Sy BF ¥ P SR ER T

YU oonk fRA S RER AR LR BRIEEH S H1 T TR AR~ S AER
5‘_"2: '\:"F“L—g: °

LibSVM % & 7 SVM-light = Keerthy # 2 i - Sequential Minimal
Optimization[28] e1& j# » f{% % + > ¥ g ant Joachimg29]:& & & ‘w o LibSVM
A1 SVM-light 5 A A# k3 B Aril = 2 &3 SYM-light (72 o &7 I Tl

BEES F AN 5 BY -

rme g L G E A R LIbDSVYM S i SVM %z %ﬁx? O A
& 2 (try and erron) 2 i B SE T R i A ARk i Sl Y 6
BESVM et s s enfliE Rl S lie O L E AL e > S EEHE T R oD
Pow Jofie s 4ok 1 9751 0 @ LiIbSYM = 5 B3 7 -~ 4p B c04% 3¢ (model selection
tool-grid.py) ¥ % Mi¢ * ¥ 4 fE St T hEE oo

# 1 LIbSVM % 3 #ic

F2ou i A
Linear u*v
Polynomial (gamma* u™*v + coefO)*degree
Radial Basis function exp(-gamma* |u-v|*2)
sigmoid tanh(gamma* u™v + coef0)

4 %om: [14]

18



& * LiIbSVM /i dg4c™ B 9 #777 -

Hﬁiﬁsrf/il\;/?% .| w leSVM(xvm train) I E
T A AR AR IEWHZ‘%'H[J
[ y’]tﬁ,

B 9 LibSVM A %77 42 ]

2.3 3 e P+ iE (Feature Selection)

GASE S A BERE F g AR ¢ R AP F 0 AL g e R

B B #—-E2 EFY genied 3L > R EFFHRE A € MR g B

BoOFE RIS FE AL FEAR FGN OB E E R L T RS S

TERERENHEOFL T E B BAEIEE RN EE Y AR

>
s
b
s

7

(23

AR~k AeEn o FET ORI R A Y g S 2 o

AR
oy
=
e

23.1TF-IDF

BEMHEE C FAFESaAEE Y > TRIDEFM® k= B term 2 2 £ & 4

«-

BT AR IF ¢ R PRS0 R GEG - B tem v 9 S
v E R hE & 44 TR(Term Frequency) @ 2 £ 42k Luhn[30] & p $+ % 51 7% 2
DFEIoterm A5 A2 ST AL F P S MAFZ K oA BHARE MAE A B iE
% % 0 v @ g (middle-frequency) s & + ?ﬁ:?ﬂaﬁ&? & Luhn £ &- #H &N
Resolving Power of Significant words sr#£ 4 [30] » 4cB] 10 #7177 » B @ #pedfe

Ems L RET R G B
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+ High-frequency cut-off Low-frequency cut-off

==

% Resolving
=] PR - Power of
4 s ‘\ __+  Significant
- , N words

\/\fords

Bl 10 4 ¢ Resolving Power of Significant words k¢
%% %R [31)
IDF(Inverted Document Frequency) i 4 :Spark Jones *+ 1972 # #73& 1} & e
[32] ) - B A d e BPAEE o 3 - B @ nIDFE> ¥ 0 d B 2dp

u,%yzé"‘z PR g o ERED R Bty koo

2.3.2 Log Likelihood Ratio

Likelihood Ratio 45 A e/ B 3 B S T 45 010 B < g ant bl F *
- BFEF* Ak4 T o @ Likelihood Ratio & # & - #8113 B X 5 A#HEKE
Uk T At BIALE 2 iE o T ALY RS R 2 2 RIS BT £
Kb R T AL E T4 D EGE & oA - A & £ Log likelihood ratio #
TP AR AR Tt 3 A e B el AASE S N R
& B3K T 45 d1 &+ enlikelihood ratio &

AEEBRT 280 B 2Ez T OETT B L 0,¢ > likdihood 2 54 7

|~
?’!\,

|
F
s
=

\\\

S8 0 B - BREREF S A ED S x[33]
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_sup{L(0]x):0®)

A= piL@1%):0< 0}

TR - B 47 FR x % Likelihood Ratio &i#c® hiizt & o § 2B et £ 5
/] ¥ Likelihood Ratio Test € 7 % & BK o 4eiP Fg o B 33 0 d H 8 »
Brid-r Typel error 8 5 [34] 03 LARR o

i Pearson t& THeHRA )3 P [34] @ EREF RS BB REORT
By e B ARSI R 24T AR EAARTNRES 2 F G
M H AR A AR F AR 2 i

2 & BA R BRI 5

SL F w
7 LIES
/ | 1 le le
7 LES
# < 2 kZH k2T

TRGNO ¢ 7 T’;'J;’S&'% Sl Pug>Pir > Poy > Py 7 BT 55 2
2-2 #rF IR NS F c BIE B BERZIF LRS- BR L& - L F Ul 2
B 0<py<l->2py+pr=1l-FmuEBEXHp,=p,;Fz8F3F N
GoeniEEd i=15 2% =0T
wipek He Pij IR T Bk OV it ;¥ Fe 77 =

K..

n, =—o—
kiH + kiT (13)

BB Ho s py PR ™ g e o fim, ¥ 4 7 &
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M. — klj +k2 i
i =
le k2H le sz

(14)
d % 2.2.4 5= ¥ £ % Log Likelihood ratio #% 7 =
n”
~2logA =2) k; log—-
! ! (15)
FORMPERE T 3 - BRA NI AR A WA S F R, F A
FpEe 27 AHET AL B MR AT AR A B FR A @
PR EMAVMEEN T AN SRS Y R AH T A EE S D agd
B F o Bt A @ T AT o B RdREARAT o ERS N W A E S A

P e GR R o B - HEE iﬁ;ﬂl‘gg j\igég/,,\&\ﬁ GERATR o AR Y B

Z

73 G LLR(-210g A)[33] » a2tk 32 A AP B2 T % 2 2 4Rl

_%r

ETIAS

T;_:
FEFBEN 4 A mAFELHET BRI
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PR AEH B EJT 3 ARt ACE L PE S 2 > P U EHE NP R 2% ~ S
A SR F PR A AT 3.5 B SV A T E B B E R R B s

WO R AEF PR S
31FH Kk
A G E S8 Yahoo! # BT P endta 3T B L & 2 AT ST ehe iR

Rep @i TRE -

ok aeerr ki glind - FETE S 00k - B iR R[35](¢

/
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5 o

W11 5 Yahoo!# BATE 4 7 cnf @ — RATH - 27§ hIATH A K~ S

SRR CFRERECEIRINT R IY AT OSSR E N BT
Fenk iR F k- B ATE TR TR R #e £ ¥ it A 2 (news_cate)
= F-R 4t (mood_cate) ~ A7 R4 (news title) ~ #T#E * & (news_text) ~ A7 -
&t pi(moodl) ~ i e 4R &t BI(mood2) - 5k R R v B

(Mood3) ~ i< 42 & v H1(Mo0d4) ~ F * oo fi-4L & 1t bi(moodS) ~
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frdk & vt bl(mood6) ~ & Firw i £t l(mood7) - 2§ s ik Rt i

(mood8) ~ % P & 4 H(voters) ~ #7F p # (news date) & % -

FRIEE |[Bud ftE M5 B oE B B @F sm s RN iR
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news_cate mood_cate news title news_text
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304 B 334

HOREACORE ORI RE SO RREE RN COREIOORE T (R
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334 F ikt ig

AR B #E F E (Term Frequency) £ Log Likelihood Ratio Test &
SN REBHEITE Y R AT TR E e A e o
1. :#3#g (Term Frequency):
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2.Log Likelihood Ratio Test :
LS ERFTMY BN M, AT EA S, 29 FHY A RS M, i

]
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Bk 1 P(S |t)=p=P(S|t) >~ EFLEF M2t AN,
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3
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s, s,
ti nl n2
t: m, n,

BRI A G AN A

b(k;n, x) = (E] X(L—%)"

FoR-H EH, e

L(Hl) = b(nl; n +n,, p)b(ns; Ny +Ny, p)

I—(Hz) = b(n1; n +n,, pl)b(nS; Ny +Ny, pz)

I x-2log A

_ 2log b(n;n, +n,, p)b(n,;n, +n,, p)
b(n;;ny +n,, p)b(nging +1y, p,)

_2((n1 + n3) Iog p + (nz + n4) lOg(l_ p) - (nl lOQ pl + nz lOQ(l_ pl) + n3 lOQ pz + n4 IOg(l_ pz)))
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n, +n, n
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YEi)

ok o
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el =K

PR LLR & FR LLR & PR LLR &
FE R 360.1088 R 583.7297 ' 447.7907
Py 260.3479 RS 479.8703 ¥+ 364.9363
A BE 210.5044 I 288.7076 + 149.8070
AR A 196.8792 PR RE 273.1356 bt o 147.6521
2 182.8508 %+ 250.9976 ® I 142.1874
ED) 161.9498 Ek 227.3476 L 12 124.7958
F 160.8925 &1 224.8288 IR & 115.2022
2 158.0893 Hes 195.0384 A 114.1598
A5 157.9359 B4 194.5427 & A 110.8561
P IR 151.7349 Ei 186.9286 S 106.8442
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Z 9 EE-F Y BEZGIMEFAELLR WL Z

i 7 B =

2k LLR & @R LLR & R LLR &

*F 300.1170 Fi 974.2429 # A 546.5510
= 282.6576 B 771.5972 B 463.3743
F s 256.4122 T 747.3640 g 383.3057
7 239.0486 5 & 7271.2914 £ 382.5888
£= 235.8778 e 702.2004 - 370.3191
N 229.5752 Bk 628.6636 7 A 370.1879
B 193.8598 e 598.0166 % 37 316.2670
# 3 185.0590 P 594.8826 EES 308.3993
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