BRI B VR — DRITE RN 175

1311 thFE (20200 T S SHER B & fi 0] — ik 75 25
blyr P EARFAFEES $ 2L X 58 T 175-204 -

STEHI R T o B R R — R IRAT 4 A

B A
Bl 5 Hs KT ME e A

WA

Bl 5 Hs KT ME e A

&

HRAw mF8 ERF A RELL THERNDRYRE SRR
TR - BAERE SRR MBMARTHR  HREE S AMER L w g F e
% TP e 0 SR AL BT o R G Y R RGE F AR e R R R R
HEE R M - 1% L #HAEBRTH > KRMEAFTRM IR PHERASE B
Mo ERAREAMEGAL O CEOBREERL "B TREARIBRAR | 2
S HEAAEEGOERERRA - A EARTTLEBERA R L Fd—
&R e B A - BRI AE LR T AR THRITOERAZ RS
BB AT AEE B AR THOERMES AL E L —ERE)E
B ERFFRTEHROTRENENIAL AR T LN AR RIF LT
o TR R S E RS o ZBMEA R o ATILIIER o BT S A S L E
NASHBUHER  ZEidl FI HEASARERE B AFRATRISN
Je P BAG 4T RIRTE 095 42 R A R Tl R 09 R LA il AE -

M&E38) R BT T BRIEE - WS EEAA

*  KXGEAAEH o T FHAFZ4 - yanh@nccu.edu.tw
2019/11/29 3% 4% ; 2020/01/19 1537 ; 2020/02/20 3%



176 SHNEESR F-1+tE FTH
Yang, H.L. and Lin, Q.F. (2020), ‘Recommended mechanism for hedonic

products-Taking pop music as an example’, Journal of Information Management,
Vol. 27, No. 2, pp. 175-204.

Recommended Mechanism for Hedonic Products-
Taking Pop Music as an Example

Heng-Li Yang®
Department of Management Information Systems, National Cheng-Chi University

Qing-Feng Lin
Department of Management Information Systems, National Cheng-Chi University

Abstract

Purpose —This study aims to propose a mechanism based on web reviews
opinion mining and product contents (e.g., audio and lyrics in our case) for hedonic

product recommendation.

Design/methodology/approach — The classifiers, web review SVM
classifiers and music content SVM classifiers, were proposed and a prototype was also
built. Finally, we designed an experiment for exemplifying the process of determining
the recommended product when the user is in a particular mood.

Findings — The acceptable precision, recall, F1 ratio were obtained for the two
classifiers. The experiment indicated the recommendation rule while users are in sad

mood.

Research limitations/implications —We only take as an example of pop
music. Other hedonic products (e.g., dancing) might be more complicated to analyze

their contents owing to video.

Practical implications —Following our proposed mechanism, the suppliers of
hedonic products would know how to recommend proper contents to users to invoke

*  Corresponding author. Email: yanh@nccu.edu.tw
2019/11/29 received; 2020/01/19 revised; 2020/02/20 accepted



BRI B VR — DRITE RN 177

their desirable feelings.

Originality/value — The proposed mechanism is brand new. As we know, there
is no such a recommended mechanism for hedonic product in literature.

Keywords: sentiment analysis, pop music, opinion mining, internet review,
recommendation mechanism
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= \BFREAEG AR IR

7 B T - S A 3 36 R SRR 00 Mk > R IR A D RIEA
B UM SR R RO MB AT IR 0 R
1e % BARFH © AFFR AT —BEISIFAIRIC A 4 RIIEANTIE 2 3F30 1 8
FRMG - TR A A EBFH 0 T BT AR (RIFRAE 483427 F384) -

2 A RRFERAE 2742 /M BRAFIRITEREVTH IS F -
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RARA X ZEBEREXRNEE L - BRER EBRPHMETTAFECET
BEXTAE LR LR - —FH @ AR AL T ey f X 4E - R &REH
AR+ EFTH KX —— AR TR AW EETRHRH L EZ WG THA AR
3E o BTA 0 KAV AR BE MR AR 69w BB 0 A BAR A B 0930 B A R i
T E RIS c S ERBTALINY 320 R ER > WARSARBUTLY
B SR A 143,606 AR AR MBH AR E $ T Lo P A SR B 2 2
A 101 AROGREIR o KAV TF 24564 REITFH0BIE - (DAZEIRB TR
AR E Z VA 10,000 ARGGE o & s A ahEE 0 Fod B 320
BHRVFE T Al o BB T1 BHERA 7,029 B3FH o QFAEY
HFEREVEIR ®RSETEH £ 3T EH wRENFRUAFRH LS
MR F B T0%895E » AT IR R BRI o RADEAE G H— G ay PR R
BEFERFTNPE AT 3 B — T RwkiE  HE 3 B B ZARBE G AT
R AR A T0%RF)FZ 509 7 B A1k - B BiEs » HF— 4 Es 0
FERER — AR AGIE 972 JReyF R A SHEIAT T LREIBGIEREF 0 B
STRAET 62.09%8938 R 0 Broaag k& 7 & o MR 1105 SEay5 P4 ey sk
FFmAEIE S 20,653 0 CHYAT A& LR B E A ERIFHDBE RS F L L 7,907
4,582 ~ 2,446 % 900 - 20,653 44 70%2% 14,457 BAEHK » FIAZ %R EHR VY
3 AR ST AR AR a9 403 ) $ T0%PTHE © PAREAETT X, 4 T1 H Al b T AR
341 B¥ 5 ARB AT F43% 0 Mk 341 BFHE2H 7,029 Bk
72.38% 4830 ) ¥ o

BE o mANEATRRA > AR AELEEKE LA 19 B
BARRMMEaER AT SHURR T g%y X 2ame o i KA
EARFHERBFRE B T EBRRIBXEGF - PTARM AN M A ER B
HEHEERBRATEEERCAMER A FMEEAKR 19 EFEIERTE 5 8
RN A ENIESER B T AT BERREE T ER, BT
o bo e THRBG ) SRETE - REMD 31 EAHAYDEEH o KRG
ZHMPIEAEET TEN O TEG O TEBE T HFE O TEE BT RE B2
6 B3 % AH ARGy & AP R IET ROGAMEHE -

BFR > AFTRBGHT — BT LAGFE A S  #5T B MR
e R B2 AHH —BER TR X TN ERE - (DEBTHRIEZNER
e (1 £5F) QFMEENTRPPARREGTER L  FRAH AT EAR R
&% TR0 ) R TR ) SARE o FRAK EATIREN > RGRIEA
B R AR BRI X T NERT R RN EAEG G L L EHe
MR HBEEA B SIFM > RRE  FHOFY o RF > TREYTBE
ARKZRBE -

i
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A MG E R L S A K R A SRk 171 A EERT 9,782
FSEAR R - AEl i AR T REMEN 237 EHH 12 18
B4k 0 S 4 516 K E R S8 A SR ey K% - 28] T 8,941 F4 A
HEZEH o A x AL ER 34 FE55 RV LAY HAA 23
EZ SRR 3 ik PSR LR RS SRELE SN GRS e
BROGBATE - MEAEEERRAETSE THE ) TR T SRR ERAFHAT
84 % B H R AL B R 0.5 RAR -

3 34 BERE T RRMHEESAERAE BEQILLIEEQTR o
%3 BERAEE ARG R 2] 20% 0 AR A AR P4 (unbalanced
data) GBS MEEAE -

B3 2B AP L RE LGB L

BB 15 BE A o A
ke 86 151 60 80 47 95
ki 255 190 281 261 294 246
AR ES T 25.2% 44.3% 17.6% 23.5% 13.8% 27.9%

I BT — BB IE 0 4 AR KA IR F] 508 MBI IE e E AR R T 0 A e 4t
FR P E ey 32 LR F 0 AR ConceptNet & 3% F = 38 U F Bl IAL G Ty A8 » 413
i 508 MARA4ET » H R AEMAE T E 6 18 R SR KT X Moy MR B(ERP
TiFhek 4 K5 kA GMIFRPTA 341 BARFH > HER TR P R
508 1A Bl4E R BATREMAME T35 > ST A B EE TR RS HRERE > BKE
RO R B 0 LG T ML AR BRI - SRR T IR e T
Y o 4B T VA B 4G AT 43R 3T 3 2 FA B 003 4k o

AHFRAZA SVM AT43R 3 A B 09314k - ZAAIA 5 IR XsEah 7
FREATIEAERGAIK o BAMITA 341 BEBIIRHFEARNF R S EEH
£ BRE 1 EAMNERREERRXETH > L 4 @EEHEDFRINGKAHR - R
WATH —EEBTH A B IR IR o RAVRINRAFHR R EE > A

w

ABERAER T 7] =B el RAMCE A FDR 1 A 5 FIEAMS R PR S R PR 3 B %
BEHLEFEM - FX5MENO L wRAEFTEN  ARARKBMEEMRETW » TR AEBME -
T BEEEARBREMEMEELEHMEN > RRAERHEELEZNEE TR TR — @R
Bl AW PR ARW /5 RHEAEE - AR A B 2R H R 2R REE LR K GFTA %
AR ERH o FEAFRFRREL TR A GEGEH  § 2R H AL HFAN - B E LM
IEGEM ALK G~ REAFRGRL LR L —EEREGER Y 3 WK AFRRLAETA
R ET R BIE TS LT ABE -



190 ENEEER F_1+tE& F_H

cost=10 & gamma=0.5 &4 % ¥ A4 EATI 4R -

* 4 #] A ConceptNet 3% | 508 {8 B 4k 5 $2 X4 04 6 1A 4 B Bl 1% &

wunsts | % | Caw | ma | aw | mE | A
abuse -0.064 -0.01 0.035 0.003 -0.078 -0.001
beloved 0.09 0.118 0.098 0.046 -0.03 -0.021
confused -0.018 0.022 -0.03 -0.033 0.147 -0.05

RERELFAERFAREIR T SEHERROERTHIRS S5 I+
EERAHREIE S F7) o AYREAREMEFAIAE  BAAHTTY
%%%Kxﬁ%MFlﬁ%6Wﬁ% rewnrEai Fli%%ﬂﬁ7%&ﬂ%
Ml o & Ti#E— %‘ﬁ“ﬂﬁf%%%ﬁﬁ“% FA I R K AR A 0 AR A
W 294 BIEMAHRE 153 & > 8 47 B a%%m&%“ﬂ’%Aﬂﬁ%gzm
B 2B R Al LA E] 23.5% 5 SAmegd A A E e SO B R A AT HE S
255 B 0 MR RE LT & 23.5% o £FHEAEAT S Il A% 0 TR P4
JE AR 03 3 BB e AR PR B LA S R B A Bt -

R S5 HERRER I RAB W ERER
I ER 1 F A
Precision Recall F1 Precision | Recall F1
T E N 67.41% 86.89% | 75.92% 68.57% 79.08% | 73.45%
A 77.34% 81.28% | 79.26% 76.75% 77.48% | 77.12%
o A 68.80% 87.37% | 76.98% 68.63% 85.26% | 76.05%
PR 48.55% 84.01% | 61.54% 44.76% 80.89% | 57.63%
THBE 46.66% 78.75% | 58.60% 48.13% 80.00% | 60.10%
T 65.62% 86.25% | 74.53% 65.13% 88.75% | 75.13%
PG A 55.34% 84.64% | 66.92% 56.00% 80.89% | 66.18%
AR B R 60.36% 84.58% | 70.45% 60.92% 85.00% | 70.97%

53] B eIt m 0 FA %% %o e IR R By F
HHrmHETT A E—F > HRE—FFHK ﬁ']mﬂrf@
E%%ﬁ%%?’Wuﬁﬁamﬁﬁﬁnﬁiﬁﬂﬁﬁﬁ%ﬁﬁ
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AAAe &4 mk 6 BEIAALEE 0Bk 3 ﬁ%*m’iﬁ3“%@%#
WmorH LA 10 EREE SESY ‘%'\*ﬁéﬁﬁﬁfﬂf&}?‘?&{l ~0~ 1
0} ;3% 2 H 5 AR r]ﬁi’ NaRBE TR %%ﬁzf?z%{l ~0:0 0}, R

3K 3fERRE > 55

by 15 3 4

— 8% #,\

Nt

u}%

FIE N

RIRFB1{1
(§'>ME\ﬁﬁ(mﬂﬁﬂHﬂmmﬁﬂ)mwm

1} ° %5}% 3 }%,J—ééﬁ

BoEyaE (EAE) 4E > BAA=(10%0+5%1+3*%1)/(10+5+3)=44.4% > & #5565
BEEUGASERRARAR RN AT e
k6 MR HET A LR
kg ID B FEAG P 4 # T4
21 72.97% 0.61% 71.06% 2.56% 5.22% 69.85%
102 457% | 90.17% | 6.15% 1.07% | 58.95% | 23.16%
332 5.64% 18.17% 81.27% 16.17% 11.93% 20.22%
WU SRR EEREG BRIk
(=) BTN EERAZZEHKRE
A RFIF TRERGEREEFLAEAX BT 2L L RETHEEZR

1Rk o AR 320 B mIFEAMAS TN 71 G L
TEATZRRG AR o £ RITGATEERY > AERMEEET T X - LARK

BIRERE - KMRBE X EMLATERMA - T@ LR THREGGELATAZ
oh - AR RI B FEFEATOM - @ R REBH B ATIEE S HKF - {2

BAMRFELCRR - FRAESBBTE  FHEKFAGWKRT > TAHNAAN & -
ATAR A 00R3E o AWM RZIE - B RB IR AR SR DL AT A 1R
oo FH—AERE B AR R (BES 0) e (BiEs 1) A%
g (ML 2)  HLTHER —RBEB S LR W RBENST TR — &
FRFA E—-RBFRG LIRS 10 d3k 0 AHRATIREER LHARTERT AR
ARy o

il =8 A AR 0 B ﬂ;% G2 E] 1,600 ALKy E AR AR R
# %%KM?%ﬁﬁaﬁmw BRI > AFF R F R KA F © o
RS AEEROTY R — AR EEOEMBEE T LA 3 G Loy R RAZEE

o GREAFINEZECE—F T mtHd —RWER ABERNZT » X
AR R AR T RSy s & 320 B3P EA 23 IR EK A H
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BBERETHIE > FH -BER - — AR EMEFLARR S FAREETHF
Bl B FTEERSABNIRBARMA AT LR B ARSI a3k
)ﬂ o
(=) FLNESH-FK 0

) EHFHE TR BT 6) 1% &Wﬁ%&*@?%“”A%°E%ﬁSMB
FoFHET > EHR 5366 AR T o R HTRYEC Mt TR ®
ﬁ@ﬁ’ﬁﬂ%40@?ﬁm%%ﬁ%%%%% i7wm7mzozm#m%ﬁ
SHHAET < HAE 40 MRFVSH BT - ToAFH 6 90 5P Ry
Me 7R - AR LR 40 EHFFARECHEFHAAR LA 508 MB4EE T3
BEF P o FRATARBEA N AR R 20 BLATKE 0 B B 4 TR HAE S
AHE—aRE LR FEFHRIER o

(Z) FHENE— A ER
$ﬁ%££ GER M S Ak 8 BFRBRLH IR SH B L LA T
R D FA R G SE R R AR (REAKRI)

&7 AFF P w BB E 4 M 5 AT 20 &

# F3 KRB # F % RE
1 & 785 11 a1z 72
2 *F 229 12 o3 72
3 LS 123 13 #E 71
4 E2 105 14 I 68
5 45 98 15 Az Br] 64
6 e g 92 16 % 61
7 AR % 86 17 S 59
8 B P 79 18 id 59
9 R 75 19 J&, 56
10 RE 74 20 = & 53

& 81 RHTRIEFE T RATH

# ¥ X 4 Rk X 4 54 FA

#1 - 34 4 B Avg. Energy | EE | M ¥y 48 thiN R M ¥
#2 IR B RMS. Energy | & &M ¥ o9 8 E 04 7 HRA
#3 gD Low Energy Rate | £ & |4 T3 EZ oy Mk &
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44 = Pitch 9 |[BEHYeyEAM
IR A B AR AL
#5 5] 48 3 Cepstrum Ao 72 i QL 24@ @gig 1;%
46 H A Tempo B |EM Y AA
#7 Ak 487 75 w7 Pluse Clarity | #84F |[& B ¥ Ik fyay A mr i/l
48 i 4 % Beat Sum B Gl AU Nl LR CE S
#9 | W& IE5RAZ | Strongest Beat | #RE | M PR I&ey IR
#10 | MRESIHGH | MFCC | &6 |RMARTRASREGE LA
411 I Brightness Fe |BERAETNEBRA
#12 FHE Roughness Fe |BERHNET Mz
s - JCR . EMNEEGER A/E F I
s
414 b Centroid e EMNEZGT P
#15 R AR Roll-off He |E M NSEF RS B4R

&9 KERPALA T LB HIER

HF H1|H2|H3 | HA[#5 | #O|#T | #8(HI[#10#11 [#12|#13|#14[#15
Bergstra et al.2006 v v aRand
Buger et al. 2013 ARRTArATs a4
Kaur & Kumar.2017 v v v
Lee et al. 2009 v
Jothilakshmi & Kathiresan 2012 v v v IV
Patel & Trivedi 2017 arars arans I/
Tzannetakis et al. 2002 AT AvARRvARRrArArd ax4
Xu et al. 2003 Va4 araAns v
Xu et al. 2005 v v a4 |/
Zhang et al. 2014 v
RREAE 2012 ars ars AR AN ARATs

#A14& 7 Matlab &y MIRtoolbox J‘_B-éﬁ—ﬁié,:’-*ﬁ* B AR A A
AATIRE R A LR E T84 > B3k 8 FEECNLE - @4
R THEMZS KRS RE (frames) T A B & B ey BAL - W ded
FRR MBI G A X FAERENEH R o et — RATH Fd AR T BT i3 2k
B - 218 RUPIEESMEE By RIEBALM Z-Score ydhik 3t 48 5 5 4445 4
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SRR -
(W) FEHA RN Ly BERFEY B IR

Pl @R &L &ﬁﬁié%ﬁﬁ\ﬁmfkﬁ“ﬂ’*mﬂm
MIRtoolboxs =+ h o FAF L E ZREFGITOFAE G ER  bE
e & KR IAF 3’@&2%5}1A§§E]#rﬁﬁéﬁfﬁéi’“#+ iiiLj?éié*ifﬁ% B AT
KA A X TIZR{LMEO) A > FFFHEQ) M= AEMEL ;s 28
BoIREZ—EERER  EF L L RFHBEMRE 0 3] 2 Z Heyiksg
%ﬂﬁ P B AR M RABINRG BARE o KRR S EE - FHAEEE x £ 0.0 <X
< 0.6 X M IF32 2 BARMEE (&M R0)} & FAMRMEx £ 0.6 <x< 14 HEFR
& AR (D))~ F PR x £ 1.4 <x<2.0 05325 BARMET {IF 7 A
BQ2)} -

BT RMAHEA SVM - BATFLN FAR KRS A B 0I18R - £F LN TR R

B OYNEREF AR RIRA 3 I X XERE Y 7 ik R EATIEAE F 4G A o “E?f’b%h“ﬁﬁ%‘
QOﬁim”Hﬁkﬁmﬁmﬁ%\&3@ FHE - RE 1 BAMEEREHE
AR ABNEH A8 2 MEARELNE RINKEHR > RiETE—E SVM 4248
5 FA R B SR LK o

1B RARAE R SVM 28k - AR I 8RB FHK DU 3L 8 % 49 cost {4 & gamma %
BAEFEATIER - FA cost=10 & gamma=0.5 o by 7 A1EAZ KA 2 B A (g
(0) AREEQ) > FEFMEQ) 0 ZFKNM 5 MM ApaGRRT AR
%% Sokolova ¥ Lapalme (2009 ) &4y7E3% » > 532tk 4 % (precision ) ~ Z B &
(recall) » F1 {8y E #-F3# (macro-averaging ) ¥4 #1-F35 (micro-Averaging )
WAEBAL > dmk 10 °

R 10 KAR=ZSAFTEN IR AR EESE

4R P P RS
Precision | Recall F1 Precision | Recall F1

LR E# | 71.99% | 84.78% | 77.87% | 72.03% 88.88% | 79.57%
T | 86.72% | 86.72% | 86.72% 83.43% 83.43% | 83.43%
1B E# | 68.57% | 70.24% | 69.39% | 72.19% | 75.38% | 73.75%
= s | 72.49% | 72.49% | 72.49% | 73.74% | 73.74% | 73.74%
B 5 E# | 73.37% | 86.16% | 79.25% | 64.52% | 78.06% | 70.65%

o | 87.03% | 87.03% | 87.03% 82.19% 82.19% | 82.19%
P E# | 68.42% | 85.32% | 75.94% | 64.42% | 78.80% | 70.89%
R i | 83.13% | 83.13% | 83.13% 80.90% 80.90% | 80.90%
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8 A 5 E# | 72.07% | 73.63% | 72.84% | 68.21% | 70.48% | 69.32%
& R | 79.69% | 79.69% | 79.69% | T74.99% | 74.99% | 74.99%
e T E# | 66.66% | 83.95% | 74.31% | 63.91% | 81.00% | 71.45%
i | 80.63% | 80.63% | 80.63% | 78.11% | 78.11% | 78.11%

o R AR 00 (A A R(D) AR F A (D)} & (B E(D) - AR

(B E0) ME(I—FRRAZT BT EEZRYS

>33 Fl &

T 68.41%=

sho Leeg A Fl Bk FE4484 70%  Fmt) B EEE Tk 11 -
R KR AFTRATARRS AR W IEER
AR 1 F B R
Precision Recall F1 Precision Recall F1
B PUAR & 68.52% 91.03% | 78.18% 61.64% 87.18% | 72.22%
EGAER 78.72% 83.67% | 81.12% 77.05% 84.87% | 80.77%
F AR A 80.15% 89.29% | 84.47% 72.99% 89.68% | 80.48%
LT 59.39% 88.62% | 71.12% 57.14% 85.21% | 68.41%
B EAZR 87.86% 86.17% | 87.01% 85.57% 80.42% | 82.91%
AR 62.82% 90.61% | 74.20% 60.14% 86.32% | 70.89%
B FHREHEZITREER  AE G A0

S EEE > Moore (2013) 2t A A EIEH] Sy AR TLRLA

rﬂpa H# N

@ éfl%ﬁ"ﬁi— ‘I‘i‘ 4:;% 3}{] KK

(affect/emotion regulation) # Bl 49 E @ AP 42 %5%)

”“Aﬂ'f"ii(‘*’é‘lﬁ%fi T ¥R R IEHAF b oy F 40 - Bl @B IH &R B R R R g a8

7%y - Van Goethem ¥ Sloboda (2011) #2447 T &4 — 2|6y A ZE
LERTETHAERAL > LR
e T R B T A E AT SR T Y SR e A8 O

F
i -

i katey T HEIEIE

T B R T 3t LA

A N\

v 7]

4 B fhE B AR CRE BB o e R AR
§ RA AR LT AP G AL e AR R T R B e S B 4 o ARt e B 4 45
Y T Ve VALV P T T I SN S Py

BBEAE T
RAGEL  AMEEAZEY

b e A ¥R

i a5 J E% rl—’ﬁ-‘mlﬁqé}
E PR B AR FRAE - KW o ATHFEZIEE LY 0 KRMERE S
o fEdb o RIIVAEGEE B G

R

B RLE

TFAE

RE A

P g

TS

B 2t LA AR E R4

o0 KA OT R AR

B & Ayt

.“¢$
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AT ?

(—) &g ERfFE

R TR RAVRIERIF B — 2 G0 AR BT TR - /20T AK
Yo ARG EZMBFARAELBHEETOITSE  SEAFERBE AL
T 03RS - AFF RS Nadler % (2010) ~ E&EX (2011) FF2RH 07
FHER  RETERITEZNEGHEGFERER - RMGE RS G AH
A 1-7 RE B KRFpELEGEZ0%20 (2 % > 12 % Cronbach’s Alpha 2% 0.928)
M RAGeTTHEHE (2 # 0 {5 & Cronbach’s Alpha 2% 0.872) o i /& 1 44 3% 45 4%
By RATEHAER LR TERFHRR, A T3 B RME | wesA &
WA 16 dEey B s » AH 10 & X 324 BITRARNFEFg TR
FBAT AL REREEMG L BREFBRAEFELEGER  AARELRETR
Oy H ARG -

ANER T EHANTRERA LT EMA RS HG - AT R T ATEK
T AW TENERBE> AR B {(E6 s T8 E5) AR EIE RN
et gdwh - B AF RE B L C O Z AR KL B SRR
oy ML T R KA B Bl BRI EEAESFRLERA SR
R o AR TR e R AT B o AR EARRIIE - AFTRAIA
TR SRS R TERNESASE ) GAOHEEET B ERNIHK o 20l
A ) Ol (BEA) O TR dEE (KB) T B endal kg (e
) P BT HRERTEN ALK ARG EAENL R RS BT
PR REHT 4 BERESAARBW RG> HE— G RAETZ
FARERE (THE): BARAHET HEdwadh  HARLBAREER
TR B IR RFIZE -

(=) BERFZTara)

Jo R RIT AR > RAVBK 10 & RS A p ATl ey K 2 4 AT
BERATA  ARIAAE T FEARIFESTAY > it MRS MELRE TR
BB E 0 — S BUERR o ATAME 0 RV A ey 96 mrRF SR EXE
B R B 46 4 ths 50 4 FEAIE f 18~24 R o KB T BRIFH 4
45 b EEREET AR ETRAXET - TR FREKA THEFTH - Ab

B FRTR -
J&#U https://www.youtube.com/watch?v=FDAut-oMSbU

#% % https://www.youtube.com/watch?v=91nC9n5obus

K3t https://www.youtube.com/watch?v=IHORDxdIYEY

#1 = 3k https://www.youtube.com/watch?v=-QOavxQ8Dwc

0 3 N W
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B AR EENERIEEEE  MBARI T TR A &K
HE e LR - EFERPTAN TR F ML TR BRBRFERER Y
FAEHERE - émﬁﬁzé B RIS EFR o B —RBREBMABENT
BREELSRGEE  FoRBANNLERTRE TR MOEE - ARRASZAE
SRE4 A WA B AKEERE A BEGRE TGN FATRME 4 892RE 0 A
®RestE bbr?x}i%n%#lk/}i& FERREERA AMBIEN TR F Y o E A
f C WA 2 FEBEGE I 4 (LR THEEBRFAHLELARY) iR Fa
P ° 96 /\‘1”5 5 452 R H B & B R IR AR R S BT R SR ey R B S kR R
FITFeh 9l APHERSIHF TOATFHNEAA Bl F435 A5 mAkFEK
oy 21 AR Bt C e

FUAMABRR R ZRAFHCRRA T BRFEZAATHKBEF
BRTHEFHR & 7PRLrEmEedn (oESEds) A Ak
IER AR (e k) —-EBesdk (Fm) —Ebesdk (B%F) B anivaqs
A EBLAI (BA) - Faesdk (FEKR) -EBLesdk (BBF) - Cag2alHag

Br kG eydk (BB Hk) - FH0Fk (X)) -EROK (BF) - £RTH
—BRZE - TRIFHGETERHOEGE  EREYER jﬁi*'fﬂ'lﬁﬂb*é@ﬁli%?
BT HEEIE - WERAIFHIRE > HARTENFTH xﬂ‘]%‘b& w Tl
BREZFRGHAGCERRRENHEE LA EFEHKT K AKZBAAR
W E -

(=) BRGERH

R 12 REMALG S FEH - HEEGFHYMG R AT EEGE— TR
M

M TR FHHRES -

HiEFHIEE 0 AB ARSI FEEGESE > FREEMLESE @ C
MG LRI o 2 R ETAE L B (1 7 2wk BAEMATH 4) %
RMEHREIEHHA BaA CaLtETrL **‘%v‘ka!“cﬁmwéi%}ﬂ” Mmoo

ez 0 A B M ERRB T BRI z% HEGEYH THE EREYS
=Tt -

N2 0 Bmands BA B EAG R ME MM

ok 14 G E = w iy
R . . | H | E= . B FB | B F— | B B =

o | PR IR g e | I e

A #n |2.77*%|5.20%| 3.56 |2.46*(2.34*|5.66*(4.71*|5.54*|6.06*|6.06*| 4.17 |4.54*|5.71*

4G | HE

;&w
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B 41 |2.54%(5.44%*|2.94*(3.07*|2.00*%(5.51*| 4.41 |5.87*|5.99%*|6.27*| 3.60 | 4.17 |5.60%*
C 4n |1.52*%|2.76*|2.45%|2.55*%1.71*|6.24*|5.77*|6.31*%6.26*|6.62*| 4.19 |4.86*|5.86*
EITBER PHME 4 rMEE 0 AP HALERAR KRS 0.05 THEFE

PR VR A mAN AR TRE—ERE, AN THE
B TR SR R TE S — A L A - R A R A
% (005 ASE) e mBE R TRAZERE M T RFFRAE L R
RIS - Rifn » WBEERZ  LFBRERIREE

W OB MAES R RSB R AR BB TRAZ
Gk A TIRB S E A AL ERULE W RAHEE (005 K
) m TRAERMS AR CRE R, W ERRTEAY - RBR A A
AR A B SRR R R -

RMERI A B a4 - Lo A E BT - w230 Bl A%
SRR LR - ANVER (DR Hednds - A M A 05 L £t
(2.43) FE#1E FrE (-0.95) ¥ B mafam B4 LI (2.90) =4 E T (-
1.10) 3 gt Base 25 - W T — W46 89 By BF o 405 AE R A IR 90 2 0 441
GARAR T RIS - QF —ReHR RHFRE A AREF—F
THEGATE (-164) 4l LA (083) 8 B mBxf— & RELGE
FH (-250) f41% EIF (146) #4AEER (0.05 AE) Q) FE -
BR AR A MR A A REEHGE T (-1.10)  HlE
(0.51) ¥2 B g% = % i B R ap e £k (0.13) s8I ES (0.12)
A EE AR (005 AR) - (F=ZF MR : hit B s F - HRELHL
gy b o MG —F R S B ABREFE ZERAEHETHE (-1.07) R
A MBRAZHREEHATH (0.12) EEHBFLE (005 A%)  AILH
MR RGTIFER (A AEASL B MLt 028)  )im#H%k
Moy RAHR - 2 E AT TR EI A A B AL 2B T -
R LS REEE AR c BRI A B WA F a4 BUR S AT R e 2 R
YT EC EIUESLR



BRI B VR — DRITE RN 199

I1 e - ;-f’"“' . =
4 3
X b ¥ B > r,/\ .
1 4 i
—0-— _i-;\l'_.-l.— - lA i ’ e £ 5 am e B
21 AB Wy &5 ey 4L 3 AB iy fdE H E 0) 8L

KMy d—aHk A AR FHGHK (EK) B et Eanadk (F
W) B G AR ESLeFk (F) BaRiE-Taadk (oK) d B
F5a > dm R RIE— G IG5 > B EPLOOT R AL A 2k 0y E B AR L k] B b
F o2 ARMELBEE - (FN) TEFKE B @y EE (3.60) THK A AF
—&F&k (ek) (4.17) RAE A af —EFHRER—& (B) 9% EE (454) 48
WAREAK, » HRATIRAITHRERE L B AR E TREAMG CHUF RS E3hIE 55
B TR R B R E R FTE 0y - SR B RG E ey FHE A 0935 - B LI E M0y
FehEA S ERBRAHECEHOBELLERIT - L2 B Ay —4F
Food o BREAEE  AEGEREMIGHIEm -

RAEH TR ROFRAEBRANZL T wRAEEGH > BiEREGHY
o AR RERYG RGBS H G R BT RS REH R
B RIAY - 2R L% E GG  ER AR FRORAIBERNK -

Ao C aBFERE  AREE —aWEGRERF —a R EE 0 &
15 B S B P A A 0y R ML Z I AT Aa L LR A BN 2 L 5 AFHR T =
GO EPLOIREF 0 G R THREESE LI RS B TFaT  HA T L E
HREA RGN EHERTFHFHLT R ELEGE BRI TER — 2

'~ &

ROT AR — AR 0 % IR A % N R R B R
4 5 BRI ERM  RIFI B T ISR A SN R (84 RARF R
B B T B 0 SERHEAR AR o 0 IR 09I AR AR 8 RIEAR & 0 R
BRI IFH IR SR BB CHA L TO% A b b9 — A2 A E A
Foo o AFERAN S EROAT AR P G HETRERGF4 > FR
RE—F R A BB AT A RSB L BT R



200

%
==
IR
s
4B
P
:
_|_
o
ok
:
&

He el G ghaysE o ERARFHORABIEE LG

AHF RO BB NE BTE on BT 288 00 15 R PRl 7 ik ey B > R R —
B ERS  BATRE ST RHRIER FF E 22 85 R A6 E A
(ARG T s ZFLEFN > KF) RAARERFE - ARAEERZFEL
@il —R B EE TR TRASCHENIERE - BRNIIAEXRREREMGERE
sl BHA 0 RARTRA LAIFIME - 1l MHFELRAFFR 0 AeatbRA
sedn FEIG R m BT AL > AT e B @ B o R R 0 TERIE
Wt E R T RIEE G T RF T AR ER (el EHHIF) 65454k
B RE—FERF BEAFOERGERESRE A -

=} =
ﬁaJ‘\i‘ 5§i-

EBHELTERALAHTREAL - AW - AXZHLBHHA RS E
(NSC 107-2410-H-004-097-MY3) th BB » 4% P33t «

5% LRk

Tl RES  FIBE (2013) 0 T &R 3 A4 i Ae oo 28 A 3T B R R —
YEER TR g0 PECEEF > R T AL Fwdly 0 R’ 493-523

BREAE (2012) 0 TR AT B IF X SF BB M AT 5 W MR 547 50 KR &
WAAEWX > Bz P L REERTARERFRAT > Sk -

B F A ARFEE (2017) 0 T ezt ) O RAG R AT — AIT R B 50 P
FREAFTATHFER  H—FTwk - F—H > 7128

B F A AREE (2018) TR AT EG AN REASRIEE R K PERAT
FHER H_+ Rk H =4 & 335361

EAHX (2011) P AR 2 E X HE 0 RERALHX » B LB REC
EH R Gk e

Bergstra, J., Casagrande, N., Erhan, D., Eck, D. and Kegl, B. (2006), ‘Aggregate
features and ADABOOST for music classification’, Machine Learning, Vol. 65, No.
2-3, pp. 473-484.

Bu, J., Tan, S., Chen, C., Wang, C., Wu, H., Zhang, L. and He, X. (2010), ‘Music
recommendation by unified hypergraph: combining social media information and
music content’, Proceedings of the 18th ACM international conference on
Multimedia, Firenze, Italy, October 25-29, pp. 391-400.

Burger, B., Thompson, M.R., Luck, G, Saarikallio, S. and Toiviainen, P. (2013),
‘Influences of rhythm-and timbre-related musical features on characteristics of



BRI B VR — DRITE RN 201

music-induced movement, Frontiers in Psychology’, Vol. 4, Article 183, pp. 1-10.

Celma, O. (2006), ‘FOAFing the music: Bridging the semantic gap in music
recommendation’, Proceedings of the International Semantic Web Conference,
Springer, Berlin, Heidelberg, November 5-9, pp. 927-934.

Chaudhuri, A. and Holbrook, M.B. (2001), ‘The chain of effects from brand trust and
brand affect to brand performance: the role of brand loyalty’, Journal of Marketing,
Vol. 65, No. 2, pp. 81-93.

Chen, H.C. and Chen, A.L. (2001), ‘A music recommendation system based on music
data grouping and user interests’, Proceedings of the 10th International Conference
on Information and Knowledge Management, Atlanta, U.S.A., November 5-10, pp.
231-238.

Corona, H. and O’Mahony, M.P. (2015), ‘An exploration of mood classification in the
million songs dataset’, Proceedings of the 12th Sound and Music Computing
Conference, Maynooth, Ireland, July 25-August 1, 2015.

Esuli, A. and Sebastiani, F. (2006), ‘Sentiwordnet: A publicly available lexical resource
for opinion mining’, In LREC, Vol. 6, pp. 417-422.

Goémez, L.M., and Céceres, M.N. (2017), ‘Applying data mining for sentiment analysis
in music’, Proceedings of the 15th International Conference on Practical
Applications of Agents and Multi-Agent Systems (PAAMS 2017), Porto, Portugal,
June 21-23, pp. 198-205.

Hu, X., Downie, J.S., West, K. and Ehmann, A.F. (2005), ‘Mining music reviews:
Promising preliminary results’, Proceedings of the 6th International Conference on
Music Information Retrieval (ISMIR 2005), London, United Kingdom, September
11-15, pp. 536-539.

Hu, X., and Downie, J.S. (2010), ‘Improving mood classification in music digital
libraries by combining lyrics and audio’, Proceedings of the 10th annual joint
conference on Digital libraries, Surfer's Paradise, Australia, June 21-25, pp. 159-
168.

Hu, X., and Yang, Y.H. (2017), ‘The mood of Chinese pop music: Representation and
recognition’, Journal of the Association for Information Science and Technology,
Vol. 68, No. 8, pp. 1899-1910.

Jothilakshmi, S. and Kathiresan, N. (2012), ‘Automatic music genre classification for
indian music’, Proceedings of the International Conference on Software and
Computer Applications (ICSCA 2012), Singapore, June 9-10.

Kaur, C. and Kumar, R. (2017), ‘Study and analysis of feature based automatic music



202 EERER F_t+tE& F_H

oun

genre classification using Gaussian mixture model’, Proceedings of the 2017
International Conference on Inventive Computing and Informatics (ICICI 2017),
Coimbatore, India, November 23-24, pp. 465-468.

Kempf, D.S. (1999), ‘Attitude formation from product trial: Distinct roles of cognition
and affect for hedonic and functional products’, Psychology & Marketing, Vol. 16,
No. 1, pp. 35-50.

Kontopoulos, E., Berberidis, C., Dergiades, T. and Bassiliades, N. (2013), ‘Ontology-
based sentiment analysis of twitter posts’, Expert Systems with Applications, Vol.
40, No. 10, pp. 4065-4074.

Kumar, V. and Minz, S. (2013), ‘Mood classifiaction of lyrics using SentiWordNet’,
Proceedings of the 2013 International Conference on Computer Communication
and Informatics (ICCCI 2013), Coimbatore, India, January 9-11, pp. 1-5.

Lee, C.H., Shih, J.L., Yu, KM. and Lin, H.S. (2009), ‘Automatic music genre
classification based on modulation spectral analysis of spectral and cepstral
features’, IEEE Transactions on Multimedia, Vol. 11, No. 4, pp.670-682.

Lee, S.K., Cho, Y.H. and Kim, S.H. (2010), ‘Collaborative filtering with ordinal scale-
based implicit ratings for mobile music recommendations’, Information Sciences,
Vol. 180, No. 11, pp. 2142-2155.

Li, H. and Lu, W. (2017), ‘Learning latent sentiment scopes for entity-level sentiment
analysis’, Proceedings of the 31st AAAI conference (AAAI-17), San Francisco,
U.S.A., February 4-9, pp. 3482-3489.

Li, N. and Wu, D.D. (2010), ‘Using text mining and sentiment analysis for online
forums hotspot detection and forecast’, Decision Support Systems, Vol. 48, No. 2,
pp. 354-368.

Liu, H. and Singh, P. (2004), ‘Focusing on ConceptNet’s natural language knowledge
representation’, Proceedings of the 8th International Conference on Knowledge-
Based Intelligent Information & Engineering Systems (KES 2004), Wellington,
New Zealand, September 20-25.

Moore, K.S. (2013), ‘A systematic review on the neural effects of music on emotion
regulation: implications for music therapy practice’, Journal of Music Therapy, Vol.
50, No. 3, pp. 198-242.

Mostafa, M.M. (2013), ‘More than words: Social networks’ text mining for consumer
brand sentiments’, Expert Systems with Applications, Vol. 40, No. 10, pp. 4241-
4251.

Nadler, R.T., Rabi, R. and Minda, J.P. (2010), ‘Better mood and better performance:



BRI B VR — DRITE RN 203

Learning rule-described categories is enhanced by positive mood’, Psychological
Science, Vol. 21, No. 12, pp. 1770-1776.

Nanopoulos, A., Rafailidis, D., Symeonidis, P. and Manolopoulos, Y. (2010), ‘Musicbox:
Personalized music recommendation based on cubic analysis of social tags’, IEEE
Transactions on Audio, Speech, and Language Processing, Vol. 18, No. 2, pp. 407-
412.

Oramas, S., Espinosa-Anke, L. and Lawlor, A. (2016), ‘Exploring customer reviews for
music genre classification and evolutionary studies’, Proceedings of the 17th
International Society for Music Information Retrieval Conference (ISMIR 2016),
New York, U.S.A., August 7-11.

Pang, B. and Lee, L. (2008), ‘Opinion mining and sentiment analysis’, Foundations and
Trends in Information Retrieval, Vol. 2, No. 1-2, pp. 1-135.

Patel, D. and Trivedi, K. (2017), ‘Research of music classification based on mood
recognition’, International Education and Research Journal, Vol. 3, No. 5, pp.
544-555.

Rho, S., Han, B.J., and Hwang, E. (2009), ‘SVR-based music mood classification and
context-based music recommendation’, Proceedings of the 17th ACM International
Conference on Multimedia, Beijing, China, October 19-22, pp. 713-716.

Schein, A.L., Popescul, A., Ungar, L.H. and Pennock, D.M. (2002), ‘Methods and
metrics for cold-start recommendations’, Proceedings of the 25th Annual
International ACM SIGIR Conference on Research and Development in
Information Retrieval, Tampere, Finland, August 11-15, pp. 253-260.

Sharma, V., Agarwal, A., Dhir, R. and Sikka, G. (2016), ‘Sentiments mining and
classification of music lyrics using SentiWordNet’, Proceedings of the 2016
Symposium on Colossal Data Analysis and Networking (CDAN 2016), Indore,
India, March 18-19, pp. 1-6.

Sokolova, M. and Lapalme, G. (2009), ‘A systematic analysis of performance measures
for classification tasks’, Information Processing and Management, Vol. 45, No. 4,
pp. 427-437.

Turney, P.D. and Littman, M.L. (2003), ‘Measuring praise and criticism: Inference of
semantic orientation from association’, ACM Transactions on Information Systems
(TOIS), Vol. 21, No. 4, pp. 315-346.

Tzanetakis, G. and Cook, P. (2002), ‘Musical genre classification of audio signals’,
IEEFE Transactions on Speech and Audio Processing, Vol. 10, No. 5, pp. 293-302.

Oord, A., Dieleman, S. and Schrauwen, B. (2013), ‘Deep content-based music



204 EERER F_t+tE& F_H

oun

recommendation’, Advances in Neural Information Processing Systems, pp. 2643-
2651.

Van Goethem, A. and Sloboda, J. (2011), ‘The functions of music for affect regulation’,
Musicae Scientiae, Vol. 15, No. 2, pp. 208-228.

Wang, X. and Wang, Y. (2014), ‘Improving content-based and hybrid music
recommendation using deep learning’, Proceedings of the 22nd ACM International
Conference on Multimedia, Orlando, U.S.A., November 3-7, pp. 627-636.

Wang, J. and Zhao, X. (2019), ‘Deep learning based mood tagging for Chinese song
lyrics’, arXiv preprint, arXiv:1906.02135.

Wiebe, J., Wilson, T. and Cardie, C. (2005), ‘Annotating expressions of opinions and
emotions in language’, Language Resources and Evaluation, Vol. 39, No. 2-3, pp.
165-210.

Xu, C., Maddage, N.C. and Shao, X. (2005), ‘Automatic music classification and
summarization’, [EEE Transactions on Speech and Audio Processing, Vol. 13, No.
3, pp. 441-450.

Xu, C., Maddage, N.C., Shao, X., Cao, F. and Tian, Q. (2003), ‘Musical genre
classification using support vector machines’, Proceedings of the International
Conference of Acoustics, Speech, and Signal (ICASSP'03), Hong Kong, China,
April 6-10, Vol. 5, pp. 429-432.

Yan, X., Wang, J. and Chau, M. (2015), ‘Customer revisit intention to restaurants:
Evidence from online reviews’, Information Systems Frontiers, Vol. 17, No. 3, pp.
645-657.

Ye, Q., Shi, W. and Li, Y. (2006), ‘Sentiment classification for movie reviews in
Chinese by improved semantic oriented approach’, Proceedings of the 39th Annual
Hawaii International Conference on System Sciences (HICSS'06), Koloa, U.S.A.,
January 5-8.

Zhang, C., Evangelopoulos, G., Voinea, S., Rosasco, L. and Poggio, T. (2014), ‘A deep
representation for invariance and music classification’, Proceedings of the 2014
IEEE International Conference on Acoustics, Speech and Signal Processing
(ICASSP), Florence, Italy, pp. 6984-6988.

Zhuang, L., Jing, F. and Zhu, X.Y. (2006), ‘Movie review mining and summarization’,
Proceedings of the [5th ACM International Conference on Information and
Knowledge Management, Arlington, U.S.A., November 6-11, pp. 43-50.



