Service Science and Management R4 R}2EF14EHE, 2020, 9(1), 61-71 Hans )i
Published Online January 2020 in Hans. http://www.hanspub.org/journal/ssem
https://doi.org/10.12677/ssem.2020.91008

Mining Method of Text Emotion
Intensity Distribution for KANO
Model

Biao Ma, Xiang Li

Donghua University, Shanghai
Email: 1540547562@qqg.com

Received: Dec. 22", 2019; accepted: Jan. 6, 2020; published: Jan. 13", 2020

Abstract

In the Web2.0 era, users are accustomed to freely sharing the feelings and evaluations during the
experience process, which provides a more convenient and authentic data source for the KANO
model than the classic method of questionnaire. However, mining the user’s emotional experience
is a key prerequisite for building a KANO model using user-generated content. Based on the theory
of emotion wheel, this paper proposes a text emotion intensity distribution prediction model by
combining word vectors and long-term and short-term memory neural networks, and explores the
model’s cross-domain capabilities through a universal text representation method, and finally
provide a satisfactory mining method to predict the users’ emotion intensity distribution. This
study provides a new emotion-based perspective for measuring the quality of user experience in
the KANO model, and lays the foundation for constructing the KANO model from user-generated
text content.
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Figure 1. Plutchik emotion wheel

[& 1. Plutchik 1&&&%

2.2. BELHHEXEMR

[ A X A 5 IR 7, AFAERE AN TARE N F IR . sp o 8iis, Quan 2823 A 1%t 1300
2SO AT 7 OCEE . BE S AT RO IS S 5E FEARIE[20], X2 AEE BT A0S B A ME— AR T 2 R
B AR SCSCAR B AE . FEBESCAK,  Saif 25 F F AcELA BWS (best-worst scaling, BWS) /7 %%} tweets HEAT
TIE IR ARE21], PR A EmoInt-2017, Ffi WASSA-2017 154538 AT 45 B TR 4. N ThsiE
(17772 7 B2 A B A M U AR ARV 8 JE R SE e, ARy B & 32 1) T Ay & ge I, i Bl &
PRl B WA — SO 5 AR DR G (0 1) (R, 23 3 1 T S i 7 V2 A7 SCA T 26 98 5 R AL

DOI: 10.12677/ssem.2020.91008 63 R 45 sl A 1L


https://doi.org/10.12677/ssem.2020.91008

&

4
G

Bl AL PRI 26 580 5 1) 751 — A N AL 88 2% S 1 7%, K Il AR o RSO IS 263551, T
HAB LR R B ) . JE T Saif 25 AFIEER Emolnt-2017 ¥t e, B 73T N THMERIE SN g8 ]
JiiE[21], A —Se S R R A 3] U7 vk F TR G R R, WA R 4 I 45 [22]  JEF 22 I 45 [23] [24]
25 BN 22 I 28 BB PR pP 22 N 4 [25] LA B BB J 2% ) J570i[26] 0 ANid, TV B FH 1 &5 43 25 B8 [4] [27] [28]
XHE LG 53 KN 6~8 A&, 15T EmolInt-2017 R MHF A X H BT 4 MiEgs (. BH. S
AE07), X 4 FhiE AU R & S 25 0 P R 0 15 4

E LR, ARG o R FOLAFAE S . — T, DU S G R SO IR TN TARTE )
e, N ARl FRREmt Koo, T H2E T A0S B 4R IT R e 22, i — i, BB R EAk
W R EE R 28, WWaARE . S S EANAELE,  DUA X2 15 48 2 00l 5 B ROk U A 2 LA 58
N B AR B 4 ) S B R o TR, A SR K R I C 2 0 488 A B 1 4 56 RS SOAS R A S 5
AATYZ I8

3. R BRE SRR
3.1 EIREHER

N TR AL 7 SRR SO0 TS SRS, AR SCUAA) TR At AR R —AE R RE R
AR, e —fx 2 E R EER . B TR ERZEE, XN EREEHRIEZE
R, ARELA, MCRBIRE T Lash, WABERERGI R, GH%” , A7 hasEegat
BANDIIR, o RO BE AR 15 5 5 o DR SCEE TN ) 1 IR 4 R B A0 AT, I 280 BE A A
THEBNEE, mHAE T 1% II58E /N,

SCARA] T R 28 5 B 53 A T AR A — L TR F00 i) . 5 2, AR I 4 R BRI 25 I B AR T BA )
v 8 i, 43 A2 A S (anger) . %7K (anxiety). #£5(expect). IR (hate). E Xk (love). JFCr(joy). 4% (sorrow)
A VF (surprise) o SCAS HI1E 558 L0 A AT LAROR N {e,} » Heth, 1€{1,2,3,4,5,6,7,8} , e FIREH i M,
ERBER RS | MG IR . BN U RR, i B A5 285 1 S 20 AT

3.2. HREE

B RE B SUANE L 73 AT AT, AN TR S0 15 45 e 731 BB 1 SIER7 s AN, ASSTEEXEAS
[R5 B 26 23 ) et 1R TN 450, SR P A B I A5 R B A e kD, RIS BSOAR I
LERJEE ) AT o

A A 2 5 L T i RO S S B R B R ORI ROR . AR G SO, 0 TF-IDF
7] £ 2 [ S 7R AR AR A RN SO SRR O 5 SO SR 1) I S KRR L ) 2, R — N P 0 I — MRy (98] 1
RRTPERBA T Wi LR SCIORR, MDA RS SCAR I L. Google FH K] [ AR R AT Rk 1 1
R, ARG AR FE b R R it b A P R ) B DR SCAR 2R [29] [30] [31]. FETH [l B AR
FHACKFR ] 15 A ) 22 SRR 5 1] F o, ELAR] 1) S 4k P 1 g T DL, DRI AR SCR ) Word2vec 1115 £
W ERR, R SCARRIR RG], VRS20 i TR R AN

FLR, ARAE ) R RS I AR TR A SCAS R A2 28 (9 5 o AR A 2 R 4% P 8y ik LB A 92 91
BR, GEPIN T IALERA Y5 A 1 AL P [30] [32] [33] [34] [35]. JEIAFLZE M 2% AH b — BLA 4o
20 W4 S5 AT AR SCAS 1 RSB R e AR SEIIIRIA I 22 R 45 (RNIN)AE 4 312 7 571 56 2R I 1R B J5E 1 1 B
0 PRI 2 I U DA S8 EAT I TR ACAZ, AEAR PR BE S B R SCOR R I R AR KR PR KA 1212 0
25 (LSTM)Z I LE L8 (AR, A 200 R 1 IR 22 PR 48 B B B 400 ) . LSTMOE I A ] it
A IR D45 R ok B T P R sl R B U o £ b, SRAT LSTM SRFTEIN SCAS (0 17 48 5 B2 73 A1 Fe AR Y

DOI: 10.12677/ssem.2020.91008 64 IR 55 ol 2 RN B


https://doi.org/10.12677/ssem.2020.91008

0, A

EE T
MR L, ASCEDL LSTM B 7 5 TN SCAS (B G 450 AL, 3R 45 1) ) 5 ) SCA ) 15 28 5
FEor A, R WA 2:

T

.

SCATIALFE

i | | ow | ] om
o m ||
Bl & || =] =

| I
| g :
| |
| LSTM LSTM LSTM LSTM I
| H | Tl i |
| 71 782 a7 #58 I
| I
| I
| I
L _________ $ o _l __________ & o _$ _________ '

]! 42 B47 FE

EEs BRI e pidics R

A IR AT

Figure 2. Text emotion intensity distribution prediction model

B 2. SCAIRLSRE S IR E

FUAKE, A LSTM Bl M4 & H < 3 k. fE6—/ LSTM Fll s, AT M At
WUF: WEATRIEN N, AT REE n MW, 25, W, eR®, d AFBERNER, @F S UFER

DOI: 10.12677/ssem.2020.91008 65 IR 55 ol 2 RN B


https://doi.org/10.12677/ssem.2020.91008

&

4
G

S = [W,,W,,Wj, -+, W, ] e R"* (1)

TR AN LSTM 38, Hrvie[1,2,3,4,5,6,7,8], WG —4 LSTM Z2: 2143 3 6) F ) 5%
NN KXo NN 56 1 S 45 ¥ 50 B MLy, R R A
y, =WX, +b )

c
2]
—
<
=
w2
._]
<

o
O
O
5
t
| ®
-0
O et © el
(o)

— P>

Figure 3. LSTM predictor network architecture diagram
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Table 1. Ren_CECps 1.0 emotional intensity distribution of text
% 1. Ren_CECps 1.0 X KRB BE N

SREEN 0 SCAKE SREEN O SCA A EL
Anger 33511 93.64%
Anxiety 25465 71.16%
Expect 31031 86.71%
Hate 32171 89.90%
Love 23503 65.68%
Joy 29434 82.25%
Sorrow 27420 76.62%
Surprise 34641 96.80%

Table 2. Emotional intensity distribution of training set
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Anger 1820 455 2275
Anxiety 8257 2064 10321
Expect 3804 951 4755
Hate 2892 723 3615
Love 9826 2457 12283
Joy 5082 1270 6352
Sorrow 6693 1673 8366
Surprise 916 229 1145
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Table 3. Self-training word vector model parameter setting
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Table 4. LSTM predictor basic parameter setting
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Figure 4. Errors and mae changes in training sets and test sets
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Table 5. Self-trained word vector and Chinese Wikipedia word vector model experimental results
2 5. BilZiAEE R e P gEEFRHASER S0

EEE0 BRSNS HER
TR EREREImES FRSCYESE U RHA ) SRSy FRSCYEIE O RHA
Anger 0.1232 0.1244 77.36% 80.00%
Anxiety 0.1182 0.1178 82.41% 81.32%
Expect 0.1383 0.1337 73.62% 76.04%
Hate 0.1341 0.1284 69.89% 73.19%
Love 0.1152 0.1106 83.29% 83.96%
Joy 0.1235 0.1185 77.58% 80.00%
Sorrow 0.1233 0.1184 76.04% 80.66%
Surprise 0.1378 0.1379 61.57% 65.94%
W 0.1267 0.1237 75.22% 77.64%
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F+i)/2& Sorrow, Surprise, Hate, Anger %5 H I 51 ) S AR R ILEL ZE G 28 200, TS E I Ziin] [a) S A
BRI AT (15 46 8 BTN EE B A 12T
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